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ABSTRACT 
Exploration of Stream Habitat Spatial Modeling; Using Geographically Weighted 
Regression, Ordinary Least Squares Regression, and Natural Neighbor Interpolation to 
Model Depth, Flow, and Benthic Substrate in Streams 
Kenneth R. Sheehan 
 
Assessment and modeling of stream habitat are integral to understanding streams and the biota 
within them. In the past several decades, assessment sophistication of ecologic systems increased 
due to analysis power afforded by gains in computing capability. Spatial data analysis 
methodology grew alongside computing power and incorporated spatial qualities of ecological 
data, thereby providing new insights. New methods like geographically weighted regression 
(GWR) and more established methods like interpolation are now being used in ecological studies 
to guide assessments and management decisions. However, their accuracy and utility for analysis 
of stream habitat data have not been fully explored. To clarify their impacts on stream habitat 
data, the five chapters of this dissertation examined spatial qualities (e.g. heterogeneity, scale, 
sample pattern) and the use of interpolation and GWR on depth, flow velocity, and benthic 
substrate. 
Benthic substrate, depth, and flow velocity data were collected from four streams between July 
2005 and August 2010. Data were collected from Aarons Creek, Monongalia County, WV, Elk 
River, Kanawha County, WV, Little Wapiti and Grayling creeks in Gallatin County, MT. Using 
GIS, the datasets were mapped, modeled, and analyzed between fall 2009 and summer 2011.  
Results from our studies demonstrated GWR outperformed non-spatial ordinary least squares 
regression (OLS) when modeling benthic substrate. Our study showed stream data collected at a 
single scale may be used to generate meaningful results at scales other than that at which it was 
collected. This finding is important for stream habitat studies where data are often collected at 
varying spatial scales. As spatial heterogeneity of benthic substrate increased, accuracy levels of 
models decreased showing heterogeneity must be quantified in analysis of stream habitat 
variables. Large (>20m width) and small (<10m width) wadeable streams may be analyzed using 
the same type of spatial analysis though substrate deposition pattern may vary in different size 
streams. Benthic substrate depositional pattern was most effectively captured by non-random 
point selection which created more accurate maps than grid and random point sample methods.  
Combined results demonstrated the need to address spatial qualities of stream habitat data in 
analysis, assessment, and how spatial attributes may guide data collection. Further, failure to 
quantify spatial attributes in stream habitat data can cause erroneous results and thus minimize 
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Chapter 1- Introduction to the Dissertation  
This dissertation examines the assessment of stream habitat variables (depth, flow and 
benthic substrate), focusing on the importance of spatial qualities on assessment, modeling and 
analysis. It further explores scale, spatial heterogeneity, spatial versus non-spatial regression, and 
patterns of data sampling. In order to understand stream habitat assessments, we must review 
how habitat variables are valuable to the ecological study of streams.  
Stream habitat assessment and modeling have existed in varying forms since the mid 
1920’s and evolved along with advances in stream science and ecological understanding (White 
1996). Assessment and modeling of stream habitat are important because success of a fish 
population is directly tied to its associated habitat. Assessment and modeling of stream habitat 
allows fisheries biologists to quantify the type of habitat available at a given time and make 
inferences about fish communities and aspects of fish-habitat interactions within streams (Ian 
1999; Jungwirth et al. 1995; Muhar and Jungwirth 1998; Schlosser 1990). The importance of 
habitat to fishes cannot be underestimated, as indicated by the building efforts in the last several 
decades to identify suitable and required fish habitat (Cooper et al. 1998; Gido et al. 2006; Mac 
Nally and Quinn 1998; Orth and White 1999; Rosenfeld 2003; Scott et al. 2002a; Scott et al. 
2002b; Thompson et al. 2001; Townsend et al. 2003). Stream habitat studies have expanded to 
encompass varying ecological scales within the past half century to aid in understanding fish 
behavior, occurrence, and habitat use (Karr et al. 1986; Townsend et al. 2003; Winemiller 2005; 
Winemiller et al. 2010). Not surprisingly, criticism during the 1980’s of fish and stream 
management plans without extensive habitat study and assessment led to more ecosystem wide 
stream management and focus on habitat quantification (Frissell et al. 1997; Lewis et al. 1996; 




Habitat information coordinated with knowledge of fish species facilitates best 
management decisions (Ian 1999). Further, habitat information is commonly used for stream 
classification (Montgomery and Buffington 1997; Montgomery et al. 1993; Rosgen et al. 1985), 
monitoring fish population response (Gorman and Karr 1978; Hayes et al. 1996; Zorn and Wiley 
2006), and monitoring ongoing anthropogenic change such as diverse impacts of sedimentation 
(Hartman and Hakala 2006; Kaller 2001; Kaller and Hartman 2004; Lisle and Lewis 1992; 
Newcombe and MacDonald 1991; Waters 1995; Wood and Armitage 1997). Though 
examination of fish and habitat are sometimes separate undertakings, the management of stream 
fishes requires an understanding of the physical aspects of stream habitat (Kohler and Hubert 
1999; Orth and White 1993; Wattage et al. 2005). 
Understanding of benthic substrate has increased in the past three decades. Substrate 
knowledge has progressed from general statements concerning use and preferences, which often 
change during breeding cycles when stream fish seek out appropriately sized substrate, flow, and 
depth for spawning (Aadland 1993; Bjornn and Reiser 1991), to specific quantification of 
substrate deposition and size requirements by individual fish species and impacts caused by 
changes in substrate (Wu and Wang 2002). Anthropocentric and some natural occurrences of 
catastrophic substrate change such as hurricanes or floods may have devastating impact to fish 
communities within streams (Kaufman 1992; Matthews 1986; Scheffer et al. 2001; Scheffer and 
Carpenter 2003). Even minimal amounts of siltation, when occurring during spawning times, 
may alter fish abundance (Hartman and Hakala 2006; Lisle and Lewis 1992; Soulsby et al. 
2001). Abnormal substrate alteration may be a symptom of other less localized problems in the 




2002) including acidic conditions from acid precipitation and mining effluent often impair 
stream ecosystems in Appalachia (Likens et al. 2007; Wisniewski and Keitz 1983).  
Monitoring and assessment of stream substrate is also an integral component for current 
management concerns. For example, invasive species often become more easily established in 
impaired ecosystems (Baxter et al. 2004; Byers 2002). Frequent stream assessment helps monitor 
ongoing habitat fragmentation which is important because habitat loss, such as filled interstitial 
spaces of benthic substrate, may increase vulnerability of benthic fishes to extirpation (Fagan et 
al. 2002). Species occurrence estimates may be created based solely on known habitat use and 
available habitat data such as substrate (Dunham et al. 2002; Lamouroux et al. 1999; Wildhaber 
and Lamberson 2004).  
Water depth is an under-discussed stream habitat variable often used in conjunction with 
substrate and flow velocity in stream habitat assessments. Depth influences species occurrence 
seasonally; fish seek deep refuge during cold winter months and inhabit highly specific depth 
niches during spawning (Baltz et al. 1991). Depth also regulates the size of fishes in streams 
(Harvey and Stewart 1991). As riparian habitat is altered or removed, fish relationship to depth 
may change and institute fish community shifts (Jones III et al. 1999). Light penetration is a 
function of depth and water clarity and influences fish occurrence at any given location (Beeton 
1958). Various aspects of remote sensing such as LiDAR, aerial, and satellite imagery also lose 
effectiveness as depth increases or as water clarity declines (Bustamante et al. 2009; Muirhead 
and Cracknell 1986). This is true particularly in absence of LiDAR band adjustment (Bustamante 
et al. 2009; Muirhead and Cracknell 1986). Depth measurements become more limited as 




As with depth, many fish species have specific flow velocity requirements at various 
stages in their life history (Hill et al. 1991). Methodologies of classification and measurement of 
flow for the benefit of fisheries, recreation, and industry have been developed due to importance 
of this variable (Rosenfeld 2003). Flow measurements are often included in stream studies, in 
part, to quantify minimum flow requirements for species (Aadland 1993). In spite of the hurdles 
presented by competing interests such as recreation, fisheries, and industry, legislation is 
frequently undergoing development to better preserve flow regimes and minimize damage to 
stream fish communities while still providing water source and flow for other uses (Acreman and 
Dunbar 2004; Boyd 2003; Reiser et al. 1989). Flow is also related spatially to substrate 
deposition and depth in streams, a condition which may be exploited to create and evaluate 
stream habitat models.   
Spatial Modeling of Stream Variables 
Sampling and spatial modeling of stream habitat data have developed alongside gains in 
computing power and use of geographic information systems (GIS; Fisher 2004). However, as 
analysis of stream spatial data has evolved, it has encountered the complex issues of spatial 
heterogeneity, non-stationarity, spatial autocorrelation, and multicollinearity. Spatial 
heterogeneity refers to the level of order and disorder of variables in their arrangement in 
geographical space of the stream. Spatial non-stationarity indicates the tendency of variables to 
move and change over the geographic space of the stream. Spatial autocorrelation is the 
condition of values of variables being irremovably connected to one another (e.g. a depth value 
always has an associated and possibly related flow value). Multicollinearity defines the quality of 
redundancy in variables, or variables which tell the same story in a model, inflating model 




(Austin 2007) as prior methods may no longer fully address needs of stream biologists (Poole et 
al. 1997). This has led to a decade long call to action for new methodology and focus within the 
fisheries community (Caddy 1999; Minns 2001; Poole et al. 1997; Stephenson and Lane 1995). 
Some spatial data collection on streams has been transferred to remote sensing 
methodologies because of large, spatially explicit data requirements (Griffith 2002; Jensen 2009; 
Mertes 2002; Torgersen et al. 2001). By creating efficiencies in data collection, technologies 
such as Light Image Detection and Ranging (LiDAR), hydro-acoustics, high resolution aerial and 
satellite imagery of natural and hyper-spectral quality have allowed spatial analysis of streams 
and other aquatic systems with some success (Jensen 2009; Mertes 2002; Muirhead and 
Cracknell 1986; Valavanis et al. 2008).  
Though impressive, remote sensing technologies have limitations and are not a panacea 
for aquatic assessments (Dubayah and Drake 2000). LiDAR is limited by the reflective surface 
of water and aerial imagery is limited by atmospheric scattering, weather, and season (leaf 
on/leaf off, ice; (Jensen 2009). During leaf off, aquatic vegetation, canyons and surface geology 
may impede adequate capture of stream information for spatial analysis (Jensen 2009; Mertes 
2002). Steep gradients agitate water to an extent which aerial visual methods of collecting data 
are not effective, as may turbidity due to sediment load, or water chemistry.  
 As the trend moves towards understanding of aquatic habitat at various scales, tools such 
as GIS are developing as a framework towards this end (Smith et al. 2007; Store and Jokimäki 
2003). Spatial qualities of data such as auto-correlation, non-stationarity, and scale are 
approached and addressed by these new tools to help analysis of fish habitat. Incorporation of 
spatial qualities of data have promoted deeper understanding of their populations and illustrated 




Spatial analysis of stream heterogeneity has also undergone intense growth (Cooper et al. 
1997; Levins 1969; Palmer et al. 1997; Winemiller et al. 2010). Creation of maps and analysis of 
spatial data in streams are becoming staple products in government and non-government 
organization assessment regimes because of the importance to physical habitat assessment, 
management, and ability to provide more cost effective study structure (Bickers 2003; Gergel et 
al. 2007; Meaden 2001). While stream heterogeneity provides challenges for stream analysis and 
assessment, it is also an issue impeding accurate map creation and spatial variable analysis 
(Zhang and Gove 2005). Heterogeneity tends to cause excessive over and under estimation of 
habitat variables which limits map and prediction accuracies (Zhang and Gove 2005). Therefore, 
spatial heterogeneity in streams requires additional study to assess the impact it has on accuracy 
of mapping and assessment of stream habitat variables.  
Previous studies have been made to quantify occurrence of spatial heterogeneity in 
streams (Cooper et al. 1997). However, the review by Cooper et al. (1997) deals with functional 
heterogeneity surrounding organism occurrence and not with structural heterogeneity directly. 
The studies and methodology examined tend to deal with the same topic (functional 
heterogeneity) and neither discuss heterogeneity’s role from a standpoint of effective maps nor 
quantify levels of spatial heterogeneity. Cooper acknowledges that spatial heterogeneity studies 
have been limited due to a lack of tools (Cooper et al. 1997), however, newly available statistical 
tools in the form of spatially aware geographically weighted regression (GWR) have alleviated 
that issue (Fotheringham et al. 1996).  
Geographically weighted regression is used in several chapters of this dissertation. It is a 
modified regression method for the analysis of spatial data with inherent qualities of spatial auto-




specifically, GWR was created to model data with heterogeneity, which stream habitat variables 
often exhibit (Charlton et al. 2005; Fotheringham et al. 1996). The method was first introduced 
in the mid 1990’s (Fotheringham et al. 1996), and later applied to ecological studies (Austin 
2007; Kupfer and Farris 2007), and oceanic fisheries research and management (Wang et al. 
2006; Windle et al. 2009). Researchers have examined and compared the applicability of GWR 
for analysis of spatial data relative to that of other regression methods (Ali et al. 2007; Gao et al. 
2006; LeSage 2001), however, such analyses have not extended far into the field of fisheries 
science (e.g. Windle 2009).  
Geographically weighted regression is often compared to OLS because it illustrates 
benefits of using a spatial non-stationarity approach in statistical models (Charlton et al. 2005; 
Fotheringham et al. 1996; Kupfer and Farris 2007; Lo 2008). The GWR method differs from that 
of OLS in several ways. The standard expression for OLS is iik
k
ki xy εββ ++= ∑0  which is 
modified to include the expression of (ui, vi), in both the β0 and βk facets of the GWR regression 
formula (Fotheringham et al. 1996). One may think of (ui, vi), as an x,y coordinate. In effect, a 
coordinate location is added to each data observation or i and thus gives the new equation 
iik
k
iikiii xvuvuy εββ ++= ∑ ),(),(0  (Charlton et al. 2005; Fotheringham et al. 1996), which is 
useful in the analysis of spatial data (Mennis 2006). Further, GWR does not follow the 
assumption of homoskedacity, or static variance, but instead calculates a specific variance for 
data within a zone, or search radius of each predictor variable. Variance becomes dynamic and 
allows for a more accurate regression of data when non-stationarity (heteroskedacity) is present 
(Fotheringham et al. 1996; Zimmerman 2003). Geographically weighted regression calculates 




than a global model, because variance is not an averaged or single value. This is important for 
stream habitat models because variables such as substrate, depth and flow, often exhibit dynamic 
localized variation along habitat transition zones.  
In addition to GWR, there are various interpolative methods including inverse distance 
weighted, ordinary and universal kriging, natural neighbor interpolation, point interpolation, 
trend, and spline interpolation to create predictions of stream habitat data (Childs 2004). 
Comparisons have shown that each method of interpolation has its own strengths in dealing with 
data of different types and number (Bennett et al. 1984; Kratzer et al. 2006; Le et al. 1997; 
MacKay 1992; Sambridge et al. 1995; Sheehan and Welsh 2009; Zimmerman et al. 1999).  
In streams, natural neighbor interpolation has shown to be the most accurate data 
selection method for spatial analysis (Sheehan and Welsh 2009). Natural neighbor interpolation, 
used in this dissertation, works well with large datasets and has a nearly identical algorithm as 
inverse distance weighted interpolation. Further, natural neighbor interpolation is based on 
Theissen polygon networks, and weights adjacent data within a specified search radius. Natural 
neighbor interpolation works well with stream habitat data such as substrate because depositional 
patterns in rivers are typically well ordered and not random (Jopling and Forbes 1979; Lunt et al. 
2004; Purkait 2002). Depth, flow velocity, and substrate may have a high degree of spatial auto-
correlation which further helps prediction accuracy (Kratzer et al. 2006; Smith and Ferguson 
1995). Stream habitat variables of depth, flow velocity, and substrate have been predicted 
accurately using natural neighbor interpolation when applied to small amounts of data (Sheehan 
and Welsh 2009).  
Measurement of the spatial distribution of data typically includes Moran’s I, which may 




2005). Heterogeneity is also made up of two main components; complexity and variability (Li 
and Reynolds 1995). As discussed by Li and Reynolds (1995), a study may examine structural 
heterogeneity and functional heterogeneity. Structural heterogeneity focuses entirely on the 
structure of habitat, and not its effects on ecological function. Moran’s I measures structural 
heterogeneity by looking at spatial distribution of data within a study area and returns values 
from -1, which indicate a fully dispersed spatial pattern, to 1 which indicates a clustered, ordered 
spatial pattern. A zero value indicates a random spatial pattern (Anselin et al. 1996; Moran 
1953).  
Summary Statement 
To sum, this literature review examined the importance of assessing stream habitat data 
and why spatial attributes of those data are valuable. I also reviewed the types of analysis 
contained within the dissertation including GWR and natural neighbor interpolation. Further, I 
have identified the reasons behind their use, and why they may provide additional insight to 
stream habitat assessments and study of aquatic organisms. The chapters in this dissertation 
should be viewed like the river continuum concept- each aspect building upon aspects of the last 
(Vannote et al. 1980). Emphasis on stream habitat in this dissertation is centered around the 
reasoning that successful understanding of aquatic populations depends largely on availability, 
and thus accurate modeling and assessment, of appropriate habitat (Gergel et al. 2007; Orth and 
White 1999).  
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An Effective Data Selection Pattern for Modeling Benthic Substrate in Streams; Using Ordinary 
Least Squares Residuals to Guide Data Collection 
 
Abstract 
Benthic substrate is frequently assessed and studied for the management of streams because 
of its ecological importance. The mapping of benthic substrate in streams is an important part of 
stream habitat assessments, but commonly used methods of data collection, such as random and 
grid sampling, do not always produce accurate maps. This study examines random and grid 
collection methods and compares them to non-random sampling methods for assessment of 
benthic substrate. We examined the ability of each sampling method to produce accurate maps of 
benthic substrate on four stream sites of varying size. Because ability to reproduce sampling 
methods is important, use of ordinary least squares regression residuals to guide and lend 
consistency to non-random data selection was also explored. Non-random data sampling resulted 
in the most accurate maps as indicated by exact coordinate match percentage of predicted data to 
actual site data and root mean square error values. This study demonstrated the ability of non-
random data sampling to create more accurate maps of benthic substrate than grid and random 
sampling methods, which are often used in current assessment protocols for wadeable streams. 
We also show ordinary least squares regressions may be used as a guide to increase accuracy in 
non-random point sampling of benthic substrate. By illustrating the usefulness and consistency in 
non-random sampling methodology for benthic substrate in streams, we provide aquatic habitat 
managers insight into the accuracy of their current assessments, and an avenue for improved 





Benthic substrate data collected for stream ecological assessments are the foundation on 
which many lotic studies and inland fisheries management actions are dependent upon. Stream 
habitat assessment involves collection of benthic substrate information to help provide a 
comprehensive snapshot of stream ecological status. For this reason, the collection of benthic 
substrate data occurs across ecologic scales at varying levels of detail. For example, stream 
assessment protocols including the small streams wadeable assessment protocol, Regional 
Environmental Monitoring and Assessment Protocol (REMAP), and Rapid Visual Habitat 
Assessment (RVHA) call for random pebble counts to quantify substrate [1]. Benthic substrate 
assessment also aids in the identification of stream type [2-4]. However, recent developments in 
spatial analysis methods of aquatic ecologic data afforded by geographic information systems 
(GIS) have ushered in new requirements for the detail, type, and amount of data required for 
collection. The progression towards increasingly detailed spatial assessment of stream benthic 
substrate is influenced by the growing body of literature acknowledging the importance of spatial 
qualities in habitat data [5-9]. For stream habitat assessment and sampling of benthic substrate, 
this means the inclusion of inherent spatial qualities in addition to that which standard substrate 
sampling typically contains [10].  
A large proportion of spatial data collection has been transferred to remote sensing 
methodologies because of large, spatially explicit data requirements. By creating efficiencies in 
data collection, technologies such as LiDAR, hydro-acoustics, high resolution aerial and satellite 
imagery of natural and hyperspectral quality have allowed spatial analysis of streams and other 
aquatic systems with some success. However, each of the aforementioned technologies has 




the reflective surface of water. Aerial imagery is limited by atmospheric scattering, weather, and 
season (leaf on/leaf off, ice).  
 Stream habitat data assessments present particular challenges to remote sensing, 
particularly those measuring benthic substrate. Even during leaf off, aquatic vegetation, canyons 
and surface geology may impede adequate capture of stream information for spatial analysis. 
Constant steep gradient may agitate water to an extent which aerial visual methods of collecting 
data are not effective. Streams in some regions maintain high levels of turbidity due to sediment 
load, or water chemistry which allows for algal blooms or other biologic process impacting water 
clarity. Because of these issues, on site, non-remote sensing data collection is still necessary for 
many aspects of stream habitat assessments including benthic substrate. 
 Identification of the best pattern to sample spatial data in the field is important because 
on site physical collection of habitat data is slow (in comparison to remote sensing), inefficient, 
and requires extensive work hours for its collection. In addition, physical data collection cannot 
gather the millions of points at high resolution which remote sensing accomplishes in a timely 
manner. Therefore, most field data collection is less complete and a form of parameterization 
(characterization based on qualities within set boundaries or classes of data) of the actual habitat.  
Field data may be collected in three common spatial patterns for analysis; grid, random, 
and non-random. However, there is disagreement over which pattern of data collection is best 
suited to mapping and assessment of spatial data [12]. The answer may depend on the variable 
and what scale it is being regarded [13]. Point selection for random and grid sampling is 
relatively automatic once scale of collection is established. However, which data to select non-
randomly along a streambed to best model substrate deposition is less easily decided. 




assessments. Further, ability to reproduce selection methodology for assessment and mapping 
purposes is also an important consideration; while remote sensing methods are somewhat 
standardized and allow comparison of streams, in field, physical stream assessment involving 
spatial data are much less organized. 
In the field, non-random point selection of benthic substrate may benefit from ordinary 
least squares regression (OLS). Residuals from OLS regression are of interest to point selection 
because they explicitly measure the amount of spatial error, positive and negative, associated 
with predictions of each data point within the model [14]. By observing OLS standard errors 
mapped in a GIS, it may be possible to establish with certainty, benthic substrate transition zones 
and thus more appropriately select and collect field data for stream habitat assessments. While 
strategies have been suggested, no methodology is described in detail defining the selection of 
key benthic substrate points.   
Therefore, because actual field data collection of benthic substrate is a necessary part of 
stream habitat assessments, this study explores the impact to assessment accuracy and maps 
caused by data selected in random, grid, and non-randomly selected patterns. Two main 
questions are addressed in this study. First, is a non-random data selection process effective for 
modeling of benthic substrate in streams? Second, are residuals from non-spatial regressions 
useful in guiding spatial field data collection including benthic substrate? Further, use of 
residuals from OLS regressions may provide an easily repeatable spatial sampling pattern for 
benthic substrate assessments in streams. Specifically, the study addresses whether random, grid, 
or non-random sampling patterns are most effective for creation of maps and stream habitat 
assessments. These products are important to aquatic habitat managers, in part, because of an 






Study Sites and Data Collection  
Benthic substrate data were collected from four wadeable streams for this study. Two 
streams were located in West Virginia; one each in Monongalia and Kanawha Counties and two 
streams were located in the Greater Yellowstone Ecosystem, Gallatin National Forest. The Elk 
River site was located downstream of the effluent of Big Sandy Creek in Kanawha County, West 
Virginia (81°21'3.857"W, 38°29'20.73"N) and the site measured 27 meters long by 22 meters 
wide. The second eastern study site was located on Aarons Creek, which lies within the 
Monongahela River system in Monongalia County, West Virginia (79°56'0.625"W 
39°37'8.69"N). The Aarons site measured 23.3 meters long by 8.7 meters wide. The first of our 
two western sites was located in the Gallatin National Forest on Little Wapiti Creek, Montana, 
(111°16’53"W, 45°2’20"N). The Wapiti Creek site measured 33.5 meters long by 10 meters 
wide. The second western study site was located in another tract of Gallatin National Forest on 
Grayling Creek, Montana (111°6’16"W, 44°48’16"N). The Grayling Creek site measured 27.5 
meters long by 18 meters wide.  
Study sites were delineated by grid cells (0.3 m resolution per cell) using a fifty meter tape 
measure, laser rangefinder, and flagging (later removed). Starting at the downstream left of each 
site, values for benthic substrate size and depth were recorded for each x,y coordinate. Substrate 
values were recorded along a continuous scale in millimeters from 0.05 to >300 mm based on 
intermediate axis diameter. This was repeated until the site was captured in a complete grid of 
x,y coordinate points. Thus, actual values of substrate size were recorded for each 0.1 m2 cell for 




exported to Microsoft Excel. Next, x,y coordinates were calculated for the remainder of cells in 
the site grid and appended to the initial dataset of water depth and substrate size. The final 
datasets were imported back to ArcMap 10 for analysis. Ordinary Least Squares (OLS) 
regression was run on each site using full resolution datasets (0.3 m). Resulting standard error 
residual maps of OLS regressions were converted into raster maps and reclassified into two 
categories; overestimation and underestimation of expected value (Figure 1). 
Point Selection 
In sum, four different point selection methods will be used to create comparable data 
layers. Point sampling will take place in grid, random, non-random guided by OLS residuals, and 
non-random guided by OLS residuals and actual substrate deposition patterns. Each selection 
pattern will be performed on all four study sites at cell resolution of one and two meters.  
To create grid sampling points for comparison, one and two meter grids with points at the 
centroid of each grid cell were created over each study site using the create fishnet feature tool 
(data management tools). The amount of points in each grid was recorded and that amount was 
then used to create random points within the extent of the same site using the create random 
points tool (data management tools).  
To select non-random points, site boundaries were defined in detail because natural 
neighbor interpolation (spatial analyst toolset), which would be used to create maps, predicts 
values only to the maximum extent of the inputs used for the model [15]. Previously reclassified 
OLS residual maps were set to 45% transparency and superimposed on the full resolution 
datasets for each site. Full datasets were not classified by substrate category to avoid point 
selection bias. Using the same number of points applied to the creation of grid and random point 




boundary between over and underestimation on the OLS residual maps. To maximize potential 
accuracy for each non-random map, features were outlined by selecting points from small to 
large scale. The easternmost, westernmost, southernmost, and northernmost boundaries of a 
patch of OLS overestimation were selected first. If points were still available after major features 
were outlined in this manner a secondary round of points was applied around the perimeter of 
each feature to gain additional accuracy. This was done until the amount of allotted points for 
both grids were complete at each of the four study sites.  
The final set of non-random point selection layers was created using a combination of OLS 
residuals and actual substrate deposition. Points for these layers were selected using the same 
procedure as outlined for OLS regression residual point selection. In addition, some points were 
selected based on the actual coverage, which would not have been selected without looking at the 
substrate deposition pattern. As an example of layers created for each of four sites, the Little 
Wapiti site had a total of 201 points for its one meter grid, and a random points layer, OLS non-
random layer, and OLS and substrate non-random layer were then created within the extent of 
the Little Wapiti site also with 201 points (Figure 2, Table 1). 
Analysis 
Natural neighbor interpolation was performed on all random, grid, and non-random data 
layers. Natural neighbor is an appropriate interpolation method for substrate because it weights 
values closest to it more heavily when calculating a new value, similar to benthic substrate 
deposition pattern. Natural neighbor interpolation has shown promise in its ability to model 
stream variables in comparison to other types of interpolation for benthic substrate [12, 16]. 
Maps for visual comparison of substrate were created for all sites using the same substrate size 




initial full dataset by extracting values to points for all layers. All data were exported for 
statistical analysis.  
Accuracy of interpolations was demonstrated by calculating the percent of predicted values 
from OLS regressions which fell into the same substrate size class at each x,y coordinate 
location. Our substrate classification was as follows; boulders > 250mm, cobble 76-250mm, 
gravel 2-76mm, sand 0.25-2mm, and silt < 0.25mm. Interpolation accuracy was also calculated 
for each substrate size class and for all size classes combined for a complete image of accuracy. 
Root mean square error was also calculated for each site and compared RMSE from predictions. 
To calculate RMSE we established standard deviation for our sample and then used the formula 
n
σ
where σ = standard deviation of the sample and n = sample size. Root mean square error 
was used because it indicates dispersion of data. Comparing dispersion levels of interpolations is 
another indicator of which interpolation matches best with the digital representation of our study 
site’s substrate values. 
 
Results 
 Non-random point selection guided by OLS regression residuals and substrate deposition 
pattern outperformed grid and random sampling patterns (Table 1). Non-random data selection 
maintained the most accurate maps based on exact coordinate match percentages when compared 
to the actual benthic substrate coverage of sites. This means interpolations using non-random 
data selection most accurately placed substrate of the correct type into the correct location, 
creating the most accurate maps of benthic substrate. This result was maintained for both one and 




 Grid, random, and non-random sampling patterns returned a range of 38.6% to 83.5% for 
one meter based sample interpolations and 32.6% to 77.9% for two meter based sample 
interpolations. Interpolations created with point selection guided only by OLS residual patterns 
were nearly as accurate as those using OLS residuals and the benthic substrate deposition pattern 
itself. The least accurate and most variable method of point selection pattern was random; 
random point selection created the greatest range in accuracy across sites from 32.94% to 
79.10%. Grid patterns performed consistently in the middle range of all models. The percent 
difference between OLS residual sampling and OLS residuals and substrate deposition sampling 
pattern was slight, averaging 2.83%. Observation of accuracy for individual substrate type 
explains this result.   
The following observations were made from visual inspection of maps: Loss in the range 
of data (maximum and minimum values recorded) and area of site lost to location of points was 
most prevalent in random and grid maps. Random and grid sampling pattern maximum and 
minimum values removed an average of 15mm from the range. The majority of loss occurred at 
the upper end of the boulder scale range. Non-random sampling method maps best maintained 
sight shape integrity and area (Figures 3-6). Superimposed under each data layer is the outline of 
the actual wetted width of each study site (Figures 3-6). Looking at the actual site boundary, and 
that applied by random, grid, and non-random sampling shows that random and grid sampling 
limits habitat boundaries. Non-random data sampling methodology more adequately captured the 
boundaries of the actual site. 
Non-random, actively selected sampling patterns returned RMSE values closest to actual 
coverage for all sites (Table 2). Differences were typically twice as large between RMSE values 




OLS residual map and substrate guided sampling patterns. As with site interpolations, the Aarons 
Creek site had the least accurate RMSE values, while the Elk River site returned the closest to 
RMSE values to actual coverage.  
 
Discussion 
Based on this study, non-random data sampling patterns create more accurate maps of 
benthic substrate than either random or grid sampling methodology. While effective, grid and 
random data selection did not achieve the level of prediction accuracy shown by non-random 
benthic substrate data selection. Identification of the most effective spatial sampling pattern is 
important to aquatic habitat managers because it provides more accurate stream habitat 
assessments from which to base management decisions. The second conclusion drawn from this 
study is that OLS regression residuals created from field data may be used to effectively guide 
future benthic substrate data sampling for assessments and map making on the same stream. This 
is accomplished by mapping the residuals of OLS regression and using reclassifications of those 
maps to identify the line of transition between positive and negative deviation from actual 
values. As seen in study site maps, zones of actual substrate transition occur frequently within 
streams and OLS regression residuals explicitly define the important benthic substrate transition 
zones, thereby removing the guesswork associated with their identification.  
Combining the repeatable nature of OLS regressions with the non-random point selection 
process for stream benthic substrate creates a standardized method. Stream habitat assessment 
methodology must be consistently repeatable to have value to aquatic habitat managers; 
preparing a map of OLS residuals from spatial data is a standard procedure in ArcMap 10 and is 




between sites with different substrate deposition pattern, as seen by the results and maps of 
benthic substrate in this study. By selecting points immediately besides the OLS transition 
border, the substrate values of greater spatial importance are selected which may have otherwise 
been ignored. As shown by mapped results, ordinary least squares residuals tend to trace zones 
of benthic substrate transition (Figures 3-6). There is some deviation from this pattern and the 
border between under and over estimation strays from actual benthic substrate transition zones. 
The areas which deviate from actual substrate deposition patterns are less intuitive, and their 
identification is important to the selection of non-random points because they would not have 
been selected by random, grid or substrate transition zone identification methods. Their addition 
allows pattern selection using a combination of substrate deposition pattern and OLS residuals to 
achieve greater accuracy.  
The importance of small gains in model accuracy for mapping aquatic stream habitat data 
is also found directly within this study. By breaking down the model into substrate types, we 
observe large gains in accuracy for less frequently occurring substrates. Accuracy gains for 
benthic substrate found in less volume at a site are not easily discerned by measuring overall 
sight accuracy increases alone. Silt, which occurred infrequently and never occurred in more 
than 1% of the total substrate found at any site, could be predicted with zero and 100 percent 
accuracy, yet not affect the overall model accuracy by more than +/- 0.5%. A single habitat 
variable which spatially dominates the total area of the site will result in models with higher 
average accuracy. The majority of the Elk River site was covered by sand, and predicting sand 
effectively elevated model accuracy even in models which failed to account for other substrates. 
In many cases, it is periphery habitat variables which play an important role in supporting the 




our results indicate a tendency for failure to identify both full range of habitat available and 
physical dimensions of the study reach in a stream, supply additional potential for incomplete 
assessments. Ability of non-random data selection to show presence of the full range of substrate 
and its values within sites adds value to the method. Visual inspection of maps also indicates that 
site boundaries were less effectively mapped in grid and random sampling methods. Analysis 
based on less than the full size of the wetted width of the stream provides information on a 
smaller area; the smaller the area sampled, the less likely a method is to catch unique habitats. 
Because edge boundaries are most often the area left out of spatial modeling using grid and 
random sampling, important edge habitats such as riparian area would be inadequately measured.  
Some stream habitat assessments attempt to provide a comprehensive view of the available 
aquatic habitat. Following this directive, the best sampling method for stream habitat 
assessments provides the most complete picture of the variables being studied. Though no 
sampling methodology is infallible, those with tendency to supply mapping accuracy for a 
portion of the region assessed while inaccurately measuring others are not desirable. As 
demonstrated by the results of this study, grid and non-random spatial sampling patterns trend 
towards this type of behavior. This is an important point with concern to grid sampling, which is 
highly consistent in its data sampling methodology, but less consistent with its results within our 
study. Non-random OLS residual and benthic substrate deposition sampling patterns were more 
consistent in identifying the full range of values within each site.  
In addition to inability of grid and random sampling to capture full range of benthic 
substrate values, data loss is also expressed by failure of grid and random sampling to capture the 
actual shape of study sites.  Natural neighbor provides a conservative view of a site because it 




may have their predictive extents extended beyond data collection points to a specified boundary, 
however, predictions in those extra-extent areas would be suspect regardless of the method used. 
While there is no control over this outcome with random and grid sampling besides increasing 
the amount of data collected, non-random data collection at any scale or size of dataset can limit 
this problem because of active selection of the full data range. Ground verification of presence 
should be required to confirm the full range of habitat variables in the model to guide its 
accuracy. Failure to accurately identify the presence of all types of habitat in non-random 
sampling would limit the ability of aquatic habitat managers to assess a stream because they 
would be missing valuable information. 
The existence and identification of spatially important zones where a model may have the 
most intense data requirements are also important aspects of this study. By creating more 
accurate substrate models using OLS residuals and substrate deposition patterns we have 
demonstrated that some data are more spatially important. Grid and random data sampling assign 
equal importance to any spatial location. We see that our initial OLS regression maps create a 
unique spatial pattern separate than substrate deposition patterns. The non-random data selection 
method therefore more efficiently uses spatial information. Further, applying spatial information 
to stream habitat analysis may correct mistakes perpetuated without accounting for spatial 
information in a dataset [19]. This is a valuable outcome because ability to recognize spatially 
important habitat may help guide future assessments and management.  
The connection between habitat availability (which this sampling pattern makes more 
accurate) and fish species occurrence and distribution is well documented. Therefore, ability to 
more effectively quantify area and location of available habitat through non-random data 




concerning aquatic species population occurrence, health, and distribution within a stream. For 
instance, if one were to apply this method of benthic substrate modeling to estimate and map the 
availability of spawning substrate, stream habitat managers could actively assess and monitor 
change to its amount and location within the stream over time in relation to young of year 
reproductive success.  
 To sum, this study demonstrates the ability of non-random data sampling to create more 
accurate maps than grid and random sampling methods, which are often used in current 
assessment protocols for wadeable streams. We also show ordinary least squares regressions may 
be used as a guide to increase accuracy in non-random point sampling of benthic substrate. This 
has implications to other aquatic variables which are modeled spatially because the same method 
may potentially be used to guide their collection and mapping as well. By illustrating the 
usefulness and consistency in non-random sampling methodology for benthic substrate in 
streams, we provide aquatic habitat managers insight into the accuracy of their current 
assessments, and an avenue for improved data collection to aid in decision making capability. 
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Table 1. Root mean square values for each sampling method for all sites. Values in bold are 
closest to the actual coverage for each site.  
Point Sampling Method Elk Aarons Little Wapiti Grayling 
Actual Coverage 0.448 2.814 2.082 1.301 
1 Meter Grid 0.277 1.892 1.355 0.999 
2 Meter Grid 0.324 2.112 1.220 0.935 
Random 1 0.314 1.876 1.350 0.933 
Random 2 0.235 1.988 1.040 0.963 
Residual Guided 1 0.409 2.067 1.561 1.105 
Residual Guided 2 0.488 1.909 1.502 0.805 
Res. & Sub Guided 1 0.403 2.390 1.911 1.484 






Table 2. Sampling information and percent of each substrate type predicted successfully at each 
site by sampling method. Percentages represent exact spatial (x,y coordinate) match. Values in 
bold indicate the best performing model. Non-random sampling guided by OLS residuals and 




Substrate/Sample Info. Elk Aarons Little Wapiti Grayling Elk Aarons Little Wapiti Grayling
# of Sample Points Used 581 153 201 485 145 36 49 122
Sample Points Available 6192 1869 1901 4288 6192 1869 1901 4288
% of Site Used to Create 
Maps
9% 8% 11% 11% 2% 2% 3% 3%
Silt 0.00% 91.00% 16.85% 16.67% 0.00% 0.00% 0.00% 0.00%
Sand 77.19% 53.05% 8.51% 34.33% 68.22% 70.97% 0.00% 5.24%
Gravel 95.60% 28.47% 53.50% 89.74% 97.30% 22.70% 46.50% 93.76%
Cobble 63.16% 78.96% 86.89% 88.45% 33.33% 83.94% 83.15% 75.07%
Boulder 55.56% 44.44% 45.86% 34.78% 15.56% 14.03% 8.92% 15.42%
% of Site Predicted 
Correctly (proportional)
83.54% 57.97% 66.62% 80.24% 77.89% 48.44% 57.64% 73.72%
Silt 0.00% 85.71% 11.96% 0.00% 50.00% 8.57% 6.98% 0.00%
Sand 74.81% 32.43% 19.15% 29.03% 65.66% 27.31% 0.00% 3.23%
Gravel 95.91% 41.67% 61.40% 87.56% 85.89% 24.31% 41.65% 89.09%
Cobble 48.25% 93.91% 87.13% 90.13% 32.46% 88.52% 80.55% 85.50%
Boulder 57.78% 24.40% 19.11% 32.74% 31.11% 10.71% 8.33% 2.56%
% of Site Predicted 
Correctly (proportional)
81.97% 52.70% 66.21% 79.04% 72.25% 42.45% 55.35% 73.48%
Silt 0.00% 33.33% 3.90% 0.00% 0.00% 0.00% 3.64% 0.00%
Sand 67.49% 17.06% 6.38% 29.80% 66.04% 0.30% 0.00% 16.33%
Gravel 96.43% 8.25% 56.78% 91.08% 98.25% 30.95% 71.54% 65.56%
Cobble 27.66% 92.70% 88.93% 92.85% 4.55% 80.19% 59.83% 89.47%
Boulder 2.63% 19.91% 3.25% 4.69% 0.00% 4.09% 0.00% 6.35%
% of Site Predicted 
Correctly (proportional)
76.40% 45.78% 63.57% 79.10% 75.97% 32.94% 52.49% 65.70%
Silt 0.00% 0.00% 7.14% 0.00% 0.00% 0.00% 0.00% 0.00%
Sand 68.36% 6.51% 6.38% 23.68% 64.77% 6.25% 0.00% 17.24%
Gravel 88.21% 25.93% 57.85% 76.08% 93.05% 25.93% 61.33% 75.46%
Cobble 70.59% 90.35% 89.58% 93.70% 28.24% 90.75% 80.13% 86.84%
Boulder 2.56% 11.67% 3.85% 6.79% 0.00% 11.67% 1.99% 3.50%
% of Site Predicted 
Correctly (proportional)
75.10% 38.62% 64.42% 72.25% 73.16% 38.69% 61.43% 68.88%
Random 1 Random 2
Meter Grid 1 Meter Grid 2
Residuals and Substrate 1 Residuals and Substrate 2




Figure 1. Substrate deposition patterns (a) and ordinary least squares regression patterns of over 
and under estimation of substrate size (b) for Elk, Little Wapiti, Grayling, and Aarons sites. The 
boundary of over and under estimation closely follows the edge boundaries of substrate 
transitions zones.   
 
Figure 2. Example on the Little Wapiti site of the the four point selection types used for 
interpolations.  
 
Figure 3. Natural neighbor interpolations of Little Wapiti created by grid, random, and actively 
selected points. Maps illustrate the ability of ordinary least squares regression to identify 
substrate transition zones and aid in the point selection process allowing the method to out-
perform grid and random methods using the same amount of data.  
 
Figure 4. Natural neighbor interpolations of Grayling Creek data created by grid, random, and 
actively selected points.  
 
Figure 5. Natural interpolations of Aarons Creek data created by grid, random, and non random 
points. Aarons Creek maintained the most equal distribution of substrate of all sites.  
  
Figure 6. Natural neighbor interpolations of Elk River data created by grid, random, and non-
random data sampling. Elk River was the least heterogeneous site and was made up of more than 































Accuracy of stream habitat interpolations across spatial scales 
 
Abstract 
Stream habitat data are often collected across spatial scales because relationships among 
habitat, species occurrence, and management plans are linked at multiple spatial scales. 
Unfortunately, scale is often a limiting factor to gaining insight from spatial analysis of stream 
habitat data. Considerable cost is often expended to collect data at several spatial scales to gain 
accurate evaluation of spatial relationships in streams. To address utility of single set of data 
when used at varying scales, accuracy loss, and potential to lower data collection needs in stream 
habitat studies, we examined the influence of scale on accuracy of natural neighbor predicted 
depth, flow, and substrate maps. We measured two streams at 0.1 m2 cell size over an area of 797 
m2 to create baseline for natural neighbor interpolated maps at 12 incremental scales ranging 
from a raster size of 0.1 m2 to 13.38 m2. Predictive maps exposed a logarithmic linear decay in r2 
and RMSE values for map accuracy for variables as scale departed from the original. 
Proportional accuracy of models was maintained up to 78% at scales 11 times more coarse than 
the original collection scale. Therefore, accuracy retention was suitable for assessment and 
management purposes at scales many times removed from the data collection scale. Our study is 
relevant to spatial modeling, fish habitat assessment, and stream habitat management because it 
highlights the potential of a single dataset to fulfill analysis needs otherwise requiring several 






Stream habitat data at varying spatial scales provides integral information for their 
management and broad ecologic study. Typically, stream data are collected at multiple spatial 
scales to provide more complete representation of habitat and allow additional ecologic insight 
and analysis power. The spatial scale of stream habitat data is largely important due to 
connectivity among habitat patch dynamics, species occurrence, and life history [1-3]. Because 
of ecological links between scales, spatial analysis in varying forms has become a staple tool for 
examining multi-scale stream habitat data [1, 4, 5]. Collection of stream variables at multiple 
scales is also necessary for complex analysis of macroinvertebrates, fish habitat relationships, 
ecological processes, and stream habitat [1, 5-7]. While necessary for complex analysis, 
collection of stream habitat data at multiple scales is expensive and time consuming. Further, 
data at various scales has long presented problems such as pattern analysis and combining data at 
varying scales [8-10]. Interpolation methods represent a family of spatial statistics which are able 
to create products at multiple scales to aid in analysis and presentation of spatial data [4, 11, 12]. 
Natural neighbor interpolation has shown promise in producing practical maps of streams from 
small amounts of spatial data as shown by Sheehan and Welsh [12]. Demonstration of natural 
neighbor interpolation to accurately move between scales from a single stream habitat dataset 
may make multiple scale data collection redundant and provide an opportunity for cost and time 
savings. 
Several data sets are often required for spatial analysis due to an inability of either dataset 
to be scaled for comparative purposes. Inability to make inferences, at scales other than that at 
which data were collected, relates directly to an unknown amount of accuracy loss when scaling 




may only be as accurate as the largest scale of data collected. This leads stream biologists to 
collect data at the largest scale possible for each study. Unfortunately, there is an inverse 
relationship between the spatial scale of data and cost to acquire it; the finer the data scale 
required, the smaller the area able to be examined for a given amount of funding. Spatial 
interpolation, a family of statistical methods used in many GIS systems, can create continuous 
surfaces from spatial data for analysis purposes. Interpolation provides predictive values of 
variables in regions which have no data by using information from adjacent regions. This ability 
provides potential to use datasets at different scales than that which they were initially collected.  
There are various interpolative methods including inverse distance weighted, several 
forms of kriging, natural neighbor, point interpolation, trend, and spline to create predictions of 
stream habitat data [14]. Many of these methods have been directly compared. Comparisons 
have shown that each method of interpolation has its own strengths in dealing with data of 
different types and number [12, 15-20].  
Specifically, when selecting stream habitat data variables of depth, flow velocity, and 
benthic substrate at known locations, natural neighbor interpolation has shown to be the most 
accurate [12]. Natural neighbor works well with large datasets, and has a nearly identical 
algorithm as inverse distance weighted interpolation. Natural neighbor interpolation is based on 
Theissen polygon networks, and weights adjacent data within a specified search radius. It takes a 
set of spatially located points, and creates a grid (raster map) of the area based on the input 
points at the centroid of each cell. Natural neighbor interpolation works well with stream habitat 
data such as substrate because depositional patterns in rivers are typically well ordered, and not 
random [21-23]. Depth, flow velocity, and substrate have a high degree of spatial auto-




depth, flow velocity, and substrate have been recreated accurately using natural neighbor 
interpolation when applied to small amounts of data [12], there has been no evaluation of the role 
of spatial scale on stream habitat model accuracy with this type of interpolation.  
This study evaluates accuracy loss of predictive stream models when moving between 
scales using natural neighbor interpolation. We hypothesize that accuracy retention will be high 
enough to create practical data and maps for analysis purposes at scales well removed from the 
initially collected data scale. In relation to the hypothesis, the objective of the study was to 
examine accuracy of predictive models at stream sites using data on water depth, water velocity, 
and benthic substrate at multiple spatial scales. This study will help establish potential for the use 
of a single dataset across scales in stream habitat modeling. To our knowledge, there has been no 
such study on scalability of stream habitat data when using natural neighbor interpolation. Our 
study is relevant to spatial modeling, fish habitat assessment, and stream habitat management 
because it examines the potential of a single dataset to fulfill analysis needs which would 
otherwise require multiple datasets at varying spatial scales at an increased cost of time and 
money. Further, this study emphasizes the rate of accuracy loss between data scales while 
creating visual maps of stream habitat, which could potentially aid and streamline both data and 
stream habitat management.  
 
Methods 
Study Sites and Data Collection  
Benthic substrate data were collected from four wadeable streams for this study. Two 
streams were located in West Virginia; one each in Monongalia and Kanawha Counties and two 




River site was located downstream of the effluent of Big Sandy Creek in Kanawha County, West 
Virginia (81°21'3.857"W, 38°29'20.73"N) and the site measured 22 meters wide, by 27 meters 
long. The second eastern study site was located on Aarons Creek, which lies within the 
Monongahela River system in Monongalia County, West Virginia (79°56'0.625"W 
39°37'8.69"N). The Aarons site measured 23.3 meters long by 8.7 meters wide. The first of our 
two western sites was located in the Gallatin National Forest on Little Wapiti Creek, Montana, 
(111°16'53.546"W, 45°2'20.639"N). The Wapiti Creek site measured 33.5 meters long by 10 
meters wide. The second western study site was located in another tract of Gallatin National 
Forest on Grayling Creek, Montana (111°6'16.407"W, 44°48'16.878"N). The Grayling Creek site 
measured 27.5 meters long by 18 meters wide.  
Study sites were delineated by grid cells (0.3 m2 resolution per cell, an area of 0.1 m2) 
using a fifty meter tape measure, laser rangefinder, and flagging (later removed). A single piece 
of rebar was inserted into the bank material on each stream bank and high tensile line was 
secured to the rebar to guide the tape measure. As each row of data collection was finished the 
rebar was repositioned upstream to provide support for the next. Starting at the downstream left 
of each site, values for benthic substrate size and depth were recorded for each x,y coordinate. 
Substrate was recorded along a continuous scale in millimeters from 0.05 to >300 mm based on 
longest axis diameter. This was repeated until the site was captured in a complete grid of x,y 
coordinate points. Thus, actual values of substrate size were recorded for each 0.1 m2 cell for 
each study site. In ArcMap 10, corner points for each study site were geo-referenced and 
exported to Microsoft Excel. Next, x,y coordinates were calculated for the remainder of cells in 
the site grid and appended to the initial dataset of water depth and substrate size. The final 




Data sets were created based on values at the centroid of each raster for 12 scales 
(including the base scale). Scale increments ranged from large, 0.1 m2, to smaller, 13.38 m2 per 
cell (Table 1). Natural neighbor interpolation was run on each scale including the base scale to 
create maps for analysis. For each dataset, Ordinary Least Squares (OLS) regressions 
(ArcToolbox, ArcMap 10) were run to provide r2 values and residuals for each x,y coordinate. 
Moran’s I was used to test for significant levels (p < 0.05) of spatial autocorrelation in available 
data and residuals created from regressions [25]. Aforementioned maps of depth, flow velocity, 
and substrate residuals were created to display positive and negative prediction trends in the form 
of standard deviation at each x,y location. Null predictive values (found at site edge boundaries) 
were removed to allow clarified map view.  
In this analysis, natural neighbor maps served as a visual and statistical base for scale 
accuracy comparisons because they have been shown to predict stream habitat data variables 
depth, and substrate well [12].Each separate scale was compared to the base scale. Trend curves 
indicate natural neighbor interpolations (maps) of data collected at 0.1 m2 are 100% accurate 
when a grid of all available data is used from the same resolution thus allowing the base scale 
interpolation to be used for effective comparison [12]. All predicted habitat values were exported 
at each scale of map and then were compared to observed values at the largest scale (Table 1). 
Root mean square error was calculated for comparison of predictive maps and baseline maps. 
Maps were created for each scale interpolation to aid analysis and provide important visual 
comparison of levels of accuracy loss between scales.  
Root mean square error (RMSE) values were calculated for each scale, plotted, and 
appropriate trend lines applied. Plotting of RMSE values for each scale shows decay of accuracy 




base scale because RMSE decreases as proportional r2 increases. Values of r2 on RMSE graphs 
indicate trend line fit, and not proportional accuracy of interpolations at each scale. Substrate, 
which contains silt, sand, gravel, cobble, boulder, and land, will have r2 values for all substrate 
sizes combined, as well as for each type. Breaking substrate into categories allows for a more 
complete view of predictive model accuracy loss across scales. Comparisons were made between 
predicted and baseline maps at each resolution for percent match. Following Sheehan and Welsh 
[12] root mean square error was also calculated for all depth, flow velocity, and substrate types 
in predicted maps.  
Interpolated depth, flow velocity, and substrate values were subjected to ordinary least 
squares regression (OLS) in ArcMap to show proportional accuracy in comparison to the original 
0.1 m2 scale. Null, or -9999 values which occurred at site edge boundaries were not included in 
ordinary least squares calculations of r2. As previously stated, the baseline, or base, data scale for 
this study was 0.1 m2. Values of r2 resulting from scale regressions will allow for equivalent 
comparisons between scale because all scale interpolations were extracted and appended to the 
initial, and largest, data scale at all x,y coordinate locations for each site.   
Further analysis included mapping of local OLS residuals at both Grayling and Wapiti 
creeks for each x,y coordinate. Mapping residuals is important because it allows for unique 
examination of regional accuracy of interpolations. Maps were created showing over and under 
estimation of each coordinate with standard deviation values classes ranging from -2.5 to 2.5. 
Residual maps were created by performing OLS regression on extracted natural neighbor 
interpolated values for all scales compared to base scale. Residual maps also serve to visually 






Results indicate depth, flow velocity, and substrate prediction accuracy for Wapiti and 
Grayling creeks decreased similarly as scale departed from the initially collected base data scale 
of 0.1 m2 (Figures 2-6). Grayling Creek had consistently lower levels of RMSE than Wapiti 
Creek for flow, very similar RMSE values for depth, and nearly identical RMSE values at all 
scales for substrate (Figures 2-6). Depth and flow retained accuracy more effectively than 
substrate. At both sites, for all variables, predictive accuracy decay occurred in a log linear 
fashion as indicated by increasing RMSE as scale decreased from base scale (Figures 2-6). 
Natural neighbor interpolations maintained overall site integrity relatively well throughout all 
scales, though pattern decay had a visual smoothing effect on variable transitional boundaries 
and the site as a whole (Figures 7-8). As scale decreased from 0.1 m2 to 13.38 m2 smoothing of 
data resulted in loss of the full range of possible depths, flows, and more frequent atypically 
located substrate values. As indicated by r2 values, interpolations made with data further 
removed from the initial scale they maintained overall sight integrity even as map accuracy 
continued to decay (Table 2).  
Natural neighbor interpolated maps of Grayling Creek and Wapiti Creeks created from 
study scales provided visual confirmation of the smoothing process observed in RMSE, r2, and 
residual standard deviation locations and values (Figure 7,8). Map complexity decreased as scale 
of interpolation became more course for all habitat variables at both sites. Initial data loss of 
extreme depths, flow variation atypical of other values in the area, and atypically placed 
substrate were shown by the decrease in display complexity. Base scale maps contained a wide 
range of shape, occurrence and variability for each habitat variable. As scale decreased from 




homogenous habitat values. During this smoothing, location and shape of deep areas, thalweg 
and flow zones, and substrate depositional areas were generally well maintained even to the 
terminal scale (Figure 7, 8).  
Specific to Wapiti Creek 
Depth, flow, and overall substrate prediction accuracy loss moving from fine to coarse 
scale degraded in a logarithmic fashion. This is demonstrated by larger RMSE values as scale 
moved away from 0.1 m2 (Figures 2-4). Substrate, broken into categories, had overall RMSE 
values range from 0.6 to 1.30 (Figure 7). For individual substrate size ranges, sand maintained 
the lowest RMSE values, never exceeding 0.75 (Figure 7). Accuracy loss, which was notably 
different between habitat variables, is illustrated by linear regressions comparing different scales. 
The r2 of regressions showed proportional match decreased for each habitat variable as scale 
moved away from base scale (Table 2). Flow models decreased the most dramatically, where r2 
values ranged from 0.86 to 0.34. Regressions also demonstrated models created from the coarsest 
scale, 148 times larger in terms of cell size, were able to outperform finer scales for some 
variables (Table 2).  
Maps of depth, flow velocity, and substrate residuals displayed positive and negative 
prediction trends in the form of standard deviation at each coordinate location (Figure 7). 
Predictions closer to the initial large scale showed highly localized fluctuation in standard 
deviation values surrounding atypical habitat occurrence. Similar standard deviation fluctuations 
occurred at habitat transitional boundaries between dissimilar habitat types such as deep areas, or 
anomalous flow readings. Ordinary Least Squares regressions demonstrated that all models 




smoothing effect of both edge boundary and depth transition zones. This predictive smoothing 
effect increased in size proportional to the habitat feature as scale decreased.  
An example of smoothing on Wapiti Creek occurs when examining depth where 
smoothing at scales smaller than 0.1 m2 limited possible range of depths. By the smallest scale, 
the range of depths produced by interpolations was 0-44.9 cm, the furthest removed from base 
scale, rather than 0-83 cm and was the largest limitation. Though the upper flow limit was 
reduced by 38 cm, the mean shifted only from 22.8 to 19.7 centimeters by scale 12, further 
illustrating habitat smoothing effect. In addition, while the first quantile shifted lower towards 
zero, Median (26) and third quantile (34) remained the same across all scales. One of the 
problems with grid sampling is that it completely disregards habitat structure, and seeks to 
capture the full range of habitat values by correct selection of study scale. One potential method 
of compensating for value range loss would be reinsertion of the full value range into 
interpolations. A second method would be similar to that proposed by Sheehan and Welsh [12] in 
which data selection is non-random, and based on key habitat locations such as edge boundaries, 
extremes of values, and transitional zones.  
Maps of interpolations and residuals showed spatial smoothing as scale departed from the 
base scale, but also showed ability to maintain overall site integrity even at scales far removed 
from the original. Smoothing effect is clearly illustrated by visual inspection, which was part of 
our methodology, and is a key factor in spatial analysis allowing for additional insight by 
illustrating statistical results (Figures 7, 8)[11, 13]. Data smoothing as resulting in the loss of 
detail in depth, flow, and substrate maps is relatively consistent (Table 2).  




Prediction accuracy of depth, flow, and substrate on Grayling Creek degraded in a 
logarithmic fashion moving from 0.1 m2 to 13.38 m2 scale. Larger RMSE values for substrate 
occurred as scale decreased from 0.1 m2 (Figures 2-6). Similar to Wapiti Creek, accuracy loss 
was different between habitat variables (Table 2). Substrate had r2 values range from 0.86 to 0.54 
(Table 2). Like Wapiti Creek, Grayling Creek linear regressions comparing base scale to scales 
2-12 showed that percent (proportional) match decreased for each habitat variable as scale 
decreased and moved away from the base scale.  
Grayling Creek maps of depth, flow velocity, and substrate residuals displayed similar 
positive and negative trends in standard deviation as Wapiti Creek (Figure 8). Like Wapiti Creek, 
Grayling Creek OLS regressions demonstrated the model tendency to underestimate deeper 
sections of river, and overestimate shallow sections as scale decreased and moved away from the 
original. The smoothing effect observed in Wapiti Creek was again shown in all three habitat 
variables of Grayling Creek (Figure 8). However, Grayling Creek, maintained a higher level of 
overall predictive accuracy for depth and flow by scale 12 than Wapiti Creek.  
 
Discussion 
Our study demonstrates that habitat data at a single scale (0.1 m2 in this study) can be 
successfully used to accurately predict habitat at larger spatial scales. Two important big picture 
inferences can be drawn from this study. First, as data scale used to create predictive maps of 
stream habitat variables departs from the original resolution, model accuracy decay occurs in a 
log linear fashion. As accuracy decays, the differing scales retain predictive capability high 
enough to produce accurate and practical (functional, easily interpreted, informative) maps of 




the capability to provide multi-scale inferences from a single data set. Results of the study 
provided clues to the amount and type of accuracy decay for key habitat variables depth, flow 
velocity, and substrate in streams. Second, the predictive maps of depth, flow velocity, and 
substrate allow use of a single data scale for practical inferences at various spatial scales within 
similar reaches on streams of related order, classification, and geographic location. This 
capability imbeds more value of information into a single datasets. Increased value of 
information is integral to stream biologists and managers seeking guidance and insight on current 
conditions and lays the groundwork for future studies without necessitating additional 
expenditures of time and budget.  
More specifically, our study documented a trend in data accuracy loss associated with 
natural neighbor interpolation of stream habitat data. The study revealed that sufficient accuracy 
is maintained for inferences at scales both larger and smaller than the original collection scale. 
While the data collected at the scale of 13.38 m2 raster size is just as accurate as the scale of 0.1 
m2 in terms of each x,y coordinate, there appears to be a finite range of predictive effectiveness 
for each scale in terms of the value of information stored within each x,y coordinate. This 
follows the point made by Fisher and Rahel [13] that data collected at small scale may eliminate 
detail important to ecological studies found in larger scales. Following this logic, the more 
accurately data are maintained when interpolating at other scales, the more demonstrably useful a 
dataset.  
In their review, Fisher and Rahel [13] indicated neither the location, mode, or speed in 
which accuracy was lost, nor the point in which accuracy of models was no longer acceptable for 
stream habitat assessment or other management purposes; this study directly addressed those 




and substrate that can be described visually and statistically as maintaining usefulness at scales 
far removed from the initial collection scale. This is supported by RMSE, proportional r2 values, 
and visual maps of sites showing initially high levels of model accuracy which fall off, but do 
not entirely diminish even at scales 11 times removed from the original 0.1 m2. Further, our 
results also demonstrated stream habitat variables depth, flow, and substrate followed a concise 
linear relationship for type and amount of accuracy lost when moving away from the initially 
collected data scale. Each of these facts is integral to understanding predictive stream models and 
interpolations of aquatic habitat data and provides needed structure to the framework of stream 
habitat interpolation methodology. 
Initial scale of collected data and stream size influence the range of scales at which the 
data set retains usefulness for predictive purposes. For instance Wapiti Creek showed a drop in 
predictive accuracy below 60% at the fifth scale removed (from the original) for all habitat 
variables. The Wapiti site encompassed a series of three pool/riffle zones, while Grayling Creek 
was a single pool riffle interface (three to four times the scale of Wapiti). Because of this stream 
scale difference, results may have indicated presence of a threshold for predictive accuracy 
purely associated with stream size. This makes ecological sense, in that a larger order stream 
may have proportionally larger habitat patches which in turn maintains any scale’s predictive 
accuracy at further reaching scales.  
Smoothing Effect 
In addition to monitoring proportional accuracy retention of data between scales, the 
ability to quantify the type and location of accuracy loss is also important. By observing the 
combined results of RMSE trends and residual values as a guide to natural neighbor interpolative 




scale when interpolating stream habitat variables. The general effect for all stream habitat 
variables was what can be termed a smoothing effect, which eliminated values on the extreme of 
depth and flow, and tended to under or over-estimate substrate transitional zones. As illustrated 
by Purkait [23] and mentioned by Knighton [26], substrate sorting often occurs in abrupt 
transitions zones, which was maintained through repeated smoothing by interpolations.  
An additional facet of stream habitat modeling and assessment which is important for 
management and ecological studies is the ability to maintain spatial integrity of site boundaries 
and habitat transition zones. This allows the accurate measurement of area of available habitat. In 
streams, the amount and distribution of available habitat are closely tied to species occurrence 
and species diversity, and their examination aids in ecological study at varying spatial scales [2, 
3, 27-30]. Maps of interpolations and regression residuals also aid in clarifying the scalability of 
stream habitat variables depth, flow velocity, and substrate by showing the specific locations of 
strong and weak predictions. Wapiti and Grayling creek residual maps showed specific site 
location smoothing by over estimating shallow areas, and underestimating deeper areas for 
depth. Flow values were similarly over and under-estimating. Substrate maps illustrated that 
transitional zones experienced the most smoothing where abrupt changes occurred, or where 
transitions included disparate categories like sand transitioning to boulder, rather than gravel or 
silt.   
The ability to move between scales from a single data set has value to assessment, 
management, and analysis of stream habitat data because it lowers the costs associated with the 
collection of data. This is accomplished by allowing inferences at scales other than that which 
the data were originally collected. As pointed out by Rastettler et al. [31] it is possible to make 




the reverse is also true. Many stream habitat and aquatic organism studies have since 
acknowledged the importance of analysis between scales for aquatic studies including benthic 
macro invertebrates, fish, and anthropogenic factors [3, 5, 6, 32-35]. In our study RMSE and r2 
values and ordinary least squares regression illustrated that when moving away from the 
collected data scale accuracy loss initially occurs quickly, but still allows for effective 
predictions even at scales far removed from the initial data collection scale.   
This study demonstrated that it is possible to maintain a level of accuracy when moving 
from one spatial scale to another with stream habitat data. We have found that the accuracy of 
output maps can be maintained even when the scale is simplified from the original. However, an 
important aspect of accuracy of stream habitat models yet to be addressed is the matter of 
perspective and need; what level of accuracy is acceptable for a biological study? Data taken at 
coarse scale, such as catchment, may be 95% accurate at that scale, yet only allow for 40% 
accuracy of stream habitat when used to model stream habitat at the finer reach scale. In many 
predictive spatial models, accuracy levels approaching or above 70% or r2 above 0.70 are 
considered successful. While we are not advocating any particular threshold for acceptable 
accuracy in this study, the ability to scale a single stream habitat data-set and still maintain 
accuracy far above the 0.70 r2 level is a valuable tool for stream management and assessment 
purposes. In particular, management of lotic systems is based on best available, though often 
incomplete information. Therefore, providing more complete information to managers without 
increasing budget or data collection needs is an important product of this study. 
By combining data from micro and macro scales, biologists are able to generate diverse 
conclusions about streams and aquatic organisms. Spatial analysis of stream habitat across 




occurrence based on habitat connectivity and occurrence between scales [7, 27]. This study 
acknowledges that need by an initial demonstration of success in moving from large or small 
scale from a single data set. Inherent in that demonstration are increases in analysis potential and 
potential limitation of need for redundant data collection by acknowledging connectivity 
between scales. There are various methods for general stream assessment and classification 
including Rosgen, Montgomery-Buffington, and rapid visual habitat methods such as those used 
by state and government entities [36, 37]. Use of classification and assessments of stream habitat 
has become more specific and detailed over time in order to match management need and current 
knowledge base.  
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Table 1. Raster cell size in meters squared for each predictive scale. 
  
Scale Cell Size Area in Meters Squared 
















Table 2. Wapiti Creek base scale (0.3 m) compared to scales 2, 4, 6, 8, 10, and 12. Base scale 
values of substrate, 1 (silt), 2 (sand), 3 (gravel), 4 (cobble), 5 (boulder), and 6 (land) are plotted 
on the x axis and comparative scales 2, 4, 6, 8, 10, and 12 are plotted on the y axis. Plots were fit 
with a regression line and associated r2 values to show proportional accuracy of scale predictions 
to the base scale. 
 
Little Wapiti 
Substrate Depth Flow 
R-squared Scale R-squared Scale R-squared Scale 
0.90 2 0.88 2 0.86 2 
0.80 4 0.73 4 0.74 4 
0.74 6 0.59 6 0.67 6 
0.57 8 0.25 8 0.37 8 
0.51 10 0.4 10 0.34 10 
0.53 12 0.35 12 0.41 12 
Grayling 
Substrate Depth Flow 
R-squared Scale R-squared Scale R-squared Scale 
0.86 2 0.95 2 0.95 2 
0.78 4 0.91 4 0.94 4 
0.69 6 0.86 6 0.87 6 
0.67 8 0.87 8 0.9 8 
0.56 10 0.78 10 0.78 10 






Figure 1. Example of x,y coordinate point grid for Grayling Creek showing 4,950 data locations 
each containing depth, flow, and dominant observed substrate (at intermediate axis) information. 






Figure 2. Root mean square error values for natural neighbor predicted maps of depth values on 
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Figure 3. Root mean square error values for natural neighbor predicted maps of flow velocity 
values on Wapiti and Grayling creeks. Scales 1-12 are found on table 1 and range from 0.1 at the 
base scale to 13.38 m2 cell size at scale 12.  
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Figure 4. Root mean square error values for predicted maps of all substrate values at Wapiti and 
Grayling Creeks. Scales 1-12 are found on table 1 and range from 0.1 to 13.38 m2 cell size. 
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Figure 5. Wapiti Creek substrate RMSE values with a logarithmic trend line applied showing r2 
values for each. Increase in RMSE as scale moves away from the baseline reference scale shows 
a progressive tapering effect of accuracy loss as predictive scale moves away from the baseline. 
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Figure 6. Grayling Creek substrate RMSE values with a logarithmic trend line applied showing 
r2 values for each. Increase in RMSE as scale moves away from the baseline reference scale 
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Figure 7. Wapiti and Grayling creek residual maps showing depth, flow, and substrate standard 
deviations for each of the 3,630 x,y coordinate points at the site. Highly localized regions of 
standard deviation variation in scale one progress to larger regions of similar standard deviation 
values as scale becomes smaller, referred to in the text as a smoothing effect. Distribution pattern 





Figure 8. Grayling Creek residual maps showing depth, flow, and substrate standard deviations 
for each of the 3,630 x,y coordinate points at the site. Abrupt localized changes in standard 
deviation are more prevalent in scale one. A more gradual change in standard deviation, or 



































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Advantages of Geographically Weighted Regression for Modeling Benthic Substrate in Two 
Greater Yellowstone Ecosystem Streams  
 
Abstract 
Stream habitat assessments are commonplace in fish management, and often involve non-
spatial analysis methods for quantifying or predicting habitat, such as ordinary least squares 
regression (OLS). Spatial relationships, however, often exist among stream habitat variables. For 
example, water depth, water velocity, and benthic substrate sizes within streams are often 
spatially correlated and may exhibit spatial non-stationarity. Thus, analysis methods should 
address spatial relationships within habitat datasets. In this study, OLS and a recently developed 
method, geographically weighted regression (GWR), were used to model benthic substrate from 
water depth and water velocity data at two stream sites within the Greater Yellowstone 
Ecosystem. For data collection, each site was represented by a grid of 0.1 m2 cells, where actual 
values of water depth, water velocity, and benthic substrate class were measured for each cell. 
Accuracies of regressed substrate class data by OLS and GWR methods were calculated by 
comparing maps, parameter estimates, and r2. For analysis of data from both sites, AICc 
indicated the best approximating model for the data resulted from GWR and not from OLS. 
Adjusted r2 values also supported GWR as a better approach than OLS for prediction of 
substrate. This study supports GWR (a spatial analysis approach) over non-spatial OLS methods 







Assessment of fish habitat is an integral part of fish management [1]. Analysis methods 
for fish habitat assessments, however, have not always addressed issues of spatial correlation 
inherent within habitat data. For example, stream assessments frequently focus on three spatially 
autocorrelated habitat variables; water depth, water velocity, and substrate sizes [2-5]. Spatial 
correlation within a data set can be useful for predictive purposes [6], because a data point, such 
as a habitat value, can be predicted from a proximately-located value [7]. Predictions of stream 
habitat are useful for aquatic habitat managers, in part, because of the potential to reduce field 
time and data collection, thus relieving budget and time constraints. Researchers that use 
prediction methods in aquatic habitat assessments, however, have often ignored or overlooked 
spatial correlation and non-stationarity of data through the use of non-spatial analyses, such as 
ordinary least squares (OLS) regression [8]. Spatial non-stationarity of benthic substrate, depth, 
and flow velocity refers to the tendency of these variables to vary and remain unfixed in the 
geographic space of the stream. Geographically weighted regression (GWR), a recently-
developed method for analysis of spatial data, may be a useful analysis tool and a method to 
address spatial non-stationarity issues inherent in fish habitat assessments.   
Geographically weighted regression is a modified regression method for the analysis of 
spatial data with inherent qualities of spatial auto-correlation and non-stationarity. More 
specifically, GWR was created to model data with heterogeneity, which stream habitat variables 
often exhibit [9, 10]. The method was first introduced in the mid 1990’s [10], and later applied to 
ecological studies [11, 12], and oceanic fisheries research and management [13, 14]. Researchers 




that of other regression methods [15-17]. However, such analyses have not extended far into the 
field of fisheries science (e.g. Windle, [14] ).  
Geographically weighted regression is often compared to OLS because it illustrates 
benefits of using a spatial non-stationarity approach in statistical models [9-11, 18]. The GWR 
method differs from that of OLS in several ways. The standard expression for OLS is 
iik
k
ki xy εββ ++= ∑0  which is modified to include the expression of (ui, vi), in both the β0 and 
βk facets of the GWR regression formula [10]. One may think of (ui, vi), as an x,y coordinate. In 
effect, a coordinate location is added to each data observation or i and thus gives the new 
equation iik
k
iikiii xvuvuy εββ ++= ∑ ),(),(0  [9, 10], which is useful in the analysis of spatial 
data [19]. Further, GWR does not follow the assumption of homoskedacity, or static variance, 
but instead calculates a specific variance for data within a zone, or search radius of each 
predictor variable. Variance becomes dynamic and allows for a more accurate regression of data 
when non-stationarity (heteroskedacity) is present [10, 20]. Geographically weighted regression 
calculates specific variance for each coordinate point. In this way, GWR may be considered a 
local rather than a global model, because variance is not an averaged or single value. This is 
important for stream habitat models because variables such as substrate, depth and flow, often 
exhibit dynamic localized variation along habitat transition zones.  
In part due to GIS, there has been dramatic increase in the body of knowledge of stream 
habitat in the past two decades, particularly regarding spatial qualities of stream habitat data. 
However, examination of some stream ecological data has become hampered due lack of 
understanding of issues such as spatial heterogeneity, non-stationarity, spatial autocorrelation, 
and multicollinearity. Such issues indicate need for better statistical methodologies, a need also 




these issues, prior methods of analysis of fisheries data may no longer fully address needs of 
biologists working with temporally rapid change in stream habitat [21]. This has led to a decade 
long call to action for new methodology and focus within the fisheries community [21-24].  
Geographically weighted regression, as detailed earlier, is an appropriate method for 
demonstrating the usefulness of spatially aware statistics when modeling stream habitat data. 
Therefore, this study was established to examine the hypothesis that GWR produces a better fit 
when regressing stream habitat data in comparison to OLS regression. The study focused on 
evaluating model fit for benthic substrate at stream sites using data on water depth and water 
velocity. To our knowledge, others have not reported on the use of GWR to produce regression 
fit specific to this type of stream habitat data. This study is relevant and important to fish habitat 
assessments and aquatic habitat scientists because it emphasizes the need to consider often 
ignored and overlooked spatial qualities within stream habitat data. The study also evaluates an 
analysis method that could potentially improve data predictions through use of spatial data 
relationships. Further, because many ecological studies do not address issues of autocorrelation 
or non-stationarity, yet are using statistics on data which violate their assumptions, this study 
would clarify ability of geographically weighted regression to produce accurate results when run 




The first of our two study sites was located in the Gallatin National Forest on Little Wapiti 
Creek, Montana, (111°16’53"W, 45°2’20"N). The second study site was located in another tract 




occurred between July 18, 2008 through August 4, 2008 during daylight hours and periods of 
stream flow at seasonally normal rates post snow melt. The study sites were selected due to 
relatively remote and undisturbed locations in the Greater Yellowstone Ecosystem, a 
mountainous region including characteristic precipitation regime of heavy winter snows and dry 
summers. Monthly precipitation averages 4.47 cm for both July and August, and a yearly 
average of 72.11 cm. The two sites were 28.2 km apart. Little Wapiti creek feeds the Gallatin 
River watershed, and Grayling Creek drains directly into Hebgen Lake. Free range cattle use the 
drainage containing Little Wapiti watershed during summer, though the site was undisturbed at 
the time of sampling; there was no apparent stream bed alteration at either site due to cattle or 
other disturbances. 
Sites were delineated by grid cells (0.3 m resolution per cell, an area of 0.1 m2) using a fifty 
meter tape measure, laser rangefinder, and flagging (later removed). The Little Wapiti Creek site 
measured 33.5 meters long by a maximum of 10 meters wide (Figure 1). The Grayling Creek site 
measured 27.5 meters long by 20.1 meters wide (Figure 1). Stream depth (cm, top-setting wading 
rod) and mean water velocity (m/s at 60% depth, Marsh-McBirney Flowmate 2000) were 
measured at the center of each cell. Substrate was measured on a continuous scale in millimeters 
diameter at intermediate axis diameter from 0mm to >300 mm for each cell. Thus, actual, 
continuous values of water depth, water velocity, and substrate size were recorded for each 0.1 
m2 cell from the grid of each study site. Two data sets (one for each site) were created using 
ArcMap 10 (ESRI, 2003) and Microsoft Excel 2010. In ArcMap, corner points for each study 
site were georeferenced and exported to Microsoft Excel. Next, x,y coordinates were calculated 




velocity, and substrate size. The final datasets were imported back to ArcMap 10 for statistical 
analyses. 
For all OLS and GWR regressions a two variable model was used for the prediction of 
substrate size; depth and flow velocity were explanatory variables modeling substrate size, which 
was the dependent variable for all models. For each dataset, OLS regression (ArcToolbox, 
ArcMap 10) provided model residuals for Moran’s I, Jarque-bera and Joint Wald statistics, the 
Variance Inflation Factor (VIF), and the Koenker (BP) studentized tests. Moran’s I was used to 
test for significant levels (p < 0.05) of spatial autocorrelation in regression residuals [25, 26]. The 
Jarque-bera statistic tests for significant levels of normalcy (p < 0.05) in the distribution of 
residuals of OLS regressions [27]. The Joint Wald statistic tests for model significance (p < 
0.05)[28]. The VIF value is an explanatory variable redundancy check (multicollinearity, p < 
0.05). The Koenker (BP) studentized test was used to test for significant levels (p < 0.05) of non-
stationarity in OLS residuals (Koenker 1981), as well as examine heteroscedasticity of data for 
all models on both Grayling and Wapiti sites. According to Brunsdon et al. (2005), significant 
levels of spatial autocorrelation and non-stationarity of residuals indicate that the data are better 
suited for GWR analysis. The geographically weighted regression tool located in ArcToolbox 
(ArcMap 10) was used for this step.  
GWR regressions were further structured in the following manner: For the Grayling site, a 
20 neighbor search radius was chosen for GWR regressions and for Little Wapiti a 23 neighbor 
search radius was chosen. Search radius was selected for each site by starting at eight neighbors 
(the smallest possible) and increasing by one until the model was stable and had no miss-
specified values in the resulting attribute table. Akaike’s information criterion (AICc) was used 




modeling approaches (OLS vs. GWR). Both OLS and GWR analysis methods allowed for 
estimation of AICc and associated model selection statistics following standard methods [29]. 
The full suite of AIC values including delta AIC, and model likelihood, were back calculated 
from regression summary tables.  
Maps of GWR parameter estimates of standardized residuals, condition number, local r2, 
and predicted benthic substrate were created for comparison of OLS and GWR. Ordinary least 
squares maps of predicted benthic substrate values and standardized residuals were also created 
for comparison to GWR. Local r2 indicates model performance in specific locations, and shows 
where the model experiences difficulty. In conjunction with condition number, which 
demonstrates local multicollinearity, the two parameters may indicate locations of weak and 
strong model performance.  
 
Results 
Ordinary least squares indicated both flow and depth were significant, non-redundant 
variables in the model (Table 1). Significant values for robust t for depth and flow supported 
their significance in the model and that neither should be removed from the model (Table 1). The 
Koenker (BP) statistic was significant for both sites indicating spatial non-stationarity (Table 1). 
The significant Koenker (BP) statistic led us to examine the Joint Wald statistic, which indicated 
that our model was significant (Table 1).  
Observations of heteroskedacity were supported by significant results from Moran’s I of 
OLS residuals which found significant levels (p <0.05) of spatial auto-correlation among water 
depth, flow, and substrate size (Tables 1, 2). Significant levels of spatial autocorrelation and 




instead of OLS. The OLS VIF for both sites showed lack of multicollinearity among explanatory 
variables depth and flow (Table 2, [10, 30, 31]).  
For both Little Wapiti and Grayling sites, adjusted r2 values and AICc values supported 
GWR as a better modeling approach for predicting benthic substrate data than that of OLS 
regression (Tables 2, 3). For Wapiti Creek, adjusted r2 values from OLS were considerably lower 
than those from GWR (Table 2). Similarly, for Grayling Creek, adjusted r2 values from OLS 
were lower than those from GWR (Table 2). Also, for the analyses of both Little Wapiti and 
Grayling creeks, lower AICc values supported models from the GWR analysis, but did not 
support models from OLS (Table 3).  
Geographically weighted regression captures the natural spatial patterns of stream depth, 
flow velocity, and substrate more effectively than OLS regression (Figures 2,3,4). GWR captures 
regional variation in stream habitat variables depth, velocity, and substrate which is integral to an 
accurate prediction by incorporating the spatial non-stationarity found in the variables[10, 31]. 
This is demonstrated by examining GWR predicted values, which visually match the benthic 
substrate deposition pattern more closely than OLS regressions (Figures 2,3). It is also shown by 
observation of GWR standardized residuals which tend to keep within 0.5 standard deviations 
more frequently than OLS. Moran’s I of residuals for GWR regressions also trends towards 
random, which indicates the GWR model better accounted for the spatial non-stationarity found 
at Little Wapiti and Graying than OLS. Geographically weighted regression local r2 and 
condition number maps were effective in illustrating multicollinearity which was not effectively 
captured by OLS regressions (Figure 4, Table 1). Some condition numbers from GWR indicated 
potential multicollinearity at localized regions of both sites which was not noticed by OLS 






As mentioned in the introduction, this study originated as response to the specific need to 
quantify stream habitat data models using spatial regression in the form of GWR rather than the 
non-spatial alternative of OLS. Recent inclusion of spatial analysis in fisheries research and 
management afforded by GIS has exposed potential for gains in understanding fisheries 
processes and their management [32-36]. A growing body of fisheries literature addresses the 
importance of analysis of spatial qualities of habitat and habitat patches across stream scales 
[34]. Increased efforts within the fisheries science community towards spatial analysis has only 
served to cement its usefulness in the field. This study directly addressed the issue of regression 
model fit for spatially non-stationary stream habitat data of depth, flow, and substrate when using 
GWR versus OLS regression.  
It may be stated from this study that geographically weighted regression has advantages 
for modeling benthic substrate in streams. We recommend geographically weighted regression 
for analysis of stream habitat variables, in part, because it addresses spatial variation, auto-
correlation, and non-stationarity issues [10, 31]. Auto-correlation of stream habitat such as 
substrate is well documented and indicate Moran’s I values were accurately reflecting both this 
phenomenon and the inability of OLS regression to accurately represent it. Known variance 
generally increases accuracy of predictions [37]. We are supporting this statement by adding 
detail to our knowledge of variance by addressing spatial non-stationarity, heteroskedacity, and 
auto-correlation within the data set. The Koenker (BP) statistic demonstrated spatial non-
stationarity with a significant p-value and further cemented the rationale for moving to GWR 




Our study addressed another specific concern about ecological variables exhibiting 
spatial auto-correlation, non-stationarity, and multicollinearity by showing that accurate 
predictive regressions may occur when using GWR when such conditions are present. Spatial 
auto-correlation and non-stationarity are difficult if not impossible to remove from some 
ecological studies and analysis. Nonetheless, regression is often used in ecological studies 
though such conditions violate regression assumptions and may cause less accurate or cloudy 
results [8, 39]. Further, that OLS regression did not statistically notice multicollinearity, which is 
clearly present in localized maps created by GWR, illustrates the risks of using static variance in 
the presence of spatial non-stationarity. Our results support this assertion by demonstrating the 
lack of accuracy in OLS regression which was remedied when using GWR. Ability to identify 
localized areas of multicollinearity provides opportunity to further tune predictive models. 
Because many ecological studies exhibit spatial non-stationarity, fisheries biologists and 
managers using regression statistics on stream habitat data should be aware of the potential loss 
in regression fit if those conditions are not addressed with methods such as GWR.  
In some ecological models, autocorrelation and multicollinearity may cause overfit of 
model variables, and thus inflate perceived accuracy. This may be illustrated by the following 
example: Flow influences substrate deposition just as substrate influences flow. Similarly, a 
submerged boulder in a stream will alter the flow of water around it, before it, after it, and thus 
influence depth and surrounding substrate by its flow alterations. The same may be said of all 
points and variables within the stream, each connected by the bond of location. While over-
estimation may exist to some extent, the addition of spatial location of data in GWR regression 




habitat data. By addressing the spatial autocorrelation and non-stationarity within stream habitat 
variables, GWR has kept intact one of the most important qualities of stream habitat.  
Following the intent of Brunsdon, Fotheringham, and Charlton, the goal of GWR analysis 
specific to stream habitat variables is more accurate prediction of existing or future habitat for 
management and ecological study. Accurate prediction of habitat allows for better assessment of 
current stream condition and helps guide management practices for better stream quality in the 
future [1]. Stream ecological studies often focus on habitat parameters because of their close tie 
to species occurrence and number [12, 40]. Studies of fish life history and behavior often use 
habitat such as depth, velocity, and substrate as foundation level variables; increasing accuracy 
of habitat assessment and prediction would aid in these endeavors [2, 41-43]. Geographically 
weighted regression accomplishes increased regression accuracy of stream habitat variables 
depth and velocity to predict substrate. 
Looking to necessary future changes, stream assessments established in recent decades 
fail to incorporate detailed spatial qualities into protocols. For example, river morphology and 
classification are frequently assessed using methods such as Rosgen or Montgomery-Buffington 
[44-46]. Though rough spatial qualities are initially measured, specific spatial attributes of 
habitat patches such as edge boundaries, area, perimeter, and distance to other habitat are not part 
of those assessment products except to locate the study site on a map. This creates an analysis 
gap between current knowledge of connectivity between stream networks and the data collected 
to analyze them. The evolving landscape of statistical tools available for spatial analysis across 
scales in all aspects of fishery science requires analysis- including habitat assessment, just as it 




To sum, this study demonstrated the importance of maintaining spatial relationships in 
stream habitat data by GWR in comparison to OLS regression. Shape and dimension and 
location are spatial qualities of habitat patches like substrate which otherwise would not be 
accurately portrayed by OLS regression, but are highly important in stream and ecological 
studies [41-43, 47]. The study further demonstrated the important role of non-stationarity and 
spatial auto-correlation to modeling stream habitat data; geographically weighted regression 
produces better model fit than OLS regression under these circumstances. Though spatial 
autocorrelation of stream habitat variables is frequently passed over in standard regression 
analysis such as OLS, the advantages of GWR in producing unambiguous, accurate predictions 
emphasizes the need to consider spatial relationships within stream habitat data. The use of 
GWR for stream habitat modeling has important implications for data collection, habitat 
assessment, and habitat prediction because of its ability to provide more accurate results than 
non-spatial regression analysis.  
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Table 1. Ordinary least squares diagnostics indicating the model variables are neither redundant 
nor exhibit multicollinearity (VIF), are statistically significant (Joint Wald), exhibits non-
















Little Wapiti - 0.04* - - 0.00* 0.00* 
Intercept - - 14.76 0.00* - - 
Flow 1.09 - 18.46 0.00* - - 
Depth 1.09 - 12.18 0.00* - - 
       Grayling
 
0.00* - - 0.00* 0.00* 
Intercept - - 7.29 0.00* - - 
Flow 2.73 - 8.93 0.00* - - 
Depth 2.73 - 5.85 0.00* - - 
*significant at the 0.05 level 




Table 2. Ordinary least squares regression and GWR r2 and adjusted r2 values for depth and flow 
velocity relationships to substrate on Little Wapiti and Grayling creeks, Montana. Akaike’s 
information criterion values are also included. Depth and flow velocity are explanatory variables, 




Moran's I of 
Residuals Z-Score P-value Model 
Little Wapiti 0.62 0.79 -0.02 -0.94 0.35 GWR 
 
0.25 0.25 0.37 21.20 0.0* OLS 
       Grayling 0.68 0.78 0.03 2.07 0.039* GWR 




Table 3. Akaike information criterion parameters from GWR and OLS regressions for Little 
Wapiti and Grayling creek sites. Depth and flow velocity are the explanatory variables for all 
models. Substrate is the predicted value for all regressions.  
 
 
Location Regression Type Search Radius N K Log Likelihood AIC AICc Value Delta AIC Model Likelihood Akaike Weight
Little Wapiti GWR 20 neighbor 1848 4 -10064.91 20137.81 20137.83 0 1 1
OLS - 1848 4 -10598.48 21204.95 21204.97 1067.14 0 0
Grayling GWR 14 neighbor 4288 4 -11113.09 22234.19 22234.2 0 1 1




Figure 1. Grayling Creek wetted width at upstream boundary is 17.7m, and 20.1m at the 
downstream boundary; maximum width is 20.1m and minimum width is 13.9m. Little Wapiti 
Creek wetted width at upstream boundary is 3.7m, and is 2.3m at the downstream boundary; 
maximum width is 9.4m and minimum width is 1.8m.  
 
Figure 2. Grayling creek standardized residual maps and predicted benthic substrate from GWR 
and OLS regressions. 
 
Figure 3. Standardized residuals and predicted benthic substrate maps from GWR and OLS 
regressions. 
 























Geographically Weighted Regression Models and Role of Moran’s I in Evaluating 
Heterogeneous Benthic Substrate in Streams   
 
Abstract 
Stream benthic substrate is frequently assessed due to its role in stream ecology. Recent efforts 
have focused on assessing its spatial complexity. However, spatial heterogeneity can limit such 
efforts by obscuring valuable relationships within the stream and reducing accuracy of their 
statistical analysis. Statistics such as geographically weighted regression and Moran’s I have 
been developed to measure and account for spatial heterogeneity. Within stream studies, the use 
of geographically weighted regression is increasing; therefore it is important to know the effects 
of benthic substrate spatial heterogeneity on such regressions. Though initially created as a scale 
indicating dispersed, random, or clustered spatial distribution, Moran’s Index has been suggested 
as a measure of spatial heterogeneity. Using geographically weighted regression and Moran’s I 
as an indicator of spatial heterogeneity, this study examined substrate modeling on 40 quadrats 
on four streams in two separate geographic regions over 1,583 m2. Results indicated accuracy of 
geographically weighted regressions of substrate decline as Moran’s I values decreased from one 
to zero. By establishing a link between geographically weighted regression results (accuracy of 
regressions in the form of r2) and benthic substrate heterogeneity present on a site, this study 
demonstrated the impact and importance of addressing the condition within a stream dataset. 
This relationship had a 0.66 r2 value over all study sites. The correlation implies amount of 




assessments. Stream studies containing spatial benthic substrate data which fail to do so may 
result in error propagation or incorrect interpretation of stream habitat data and assessments. 
 
Introduction 
Within stream studies, spatial analysis of streams and the role of heterogeneity is 
experiencing intense growth (Cooper et al. 1997; Levins 1969; Palmer et al. 1997; Winemiller et 
al. 2010). More specifically, creation of maps and analysis of spatial data in streams are 
becoming a staple product in government  assessment regimes because of its importance to 
physical habitat assessment, management, and ability to provide more cost effective study 
structure (Bickers 2003; Gergel et al. 2007; Meaden 2001). While stream heterogeneity provides 
challenges for stream analysis and assessment, it is also an issue impeding accurate map creation 
and spatial variable analysis (Zhang and Gove 2005). These problems exist in part because 
heterogeneity has the potential to limit accuracy of interpolations and regressions. Accuracy 
limitations pass along product impacts to maps, their assessment, and analysis (Zhang and Gove 
2005). Heterogeneity tends to cause excessive over and under estimation of habitat variables 
which limits map and prediction accuracies (Zhang and Gove 2005). Therefore, spatial 
heterogeneity in streams requires additional study to assess the impact it has on accuracy of 
mapping and assessment of stream habitat variables.   
Previous studies have quantified the occurrence of spatial heterogeneity in streams 
(Cooper et al. 1997). However, these studies often address functional heterogeneity surrounding 
organism occurrence and not with structural heterogeneity directly. The studies and 
methodology examined tend to deal with the same topic (functional heterogeneity) and neither 




heterogeneity. Spatial heterogeneity studies have been limited due to lack of tools(Cooper et al. 
1997), however newly available statistical tools in the form of spatially aware geographically 
weighted regression have alleviated that issue (Fotheringham et al. 1996).  
Measurement of spatial distribution of data typically includes Moran’s I, which may be 
used as a measure of heterogeneity (Anselin 2002; Anselin et al. 1996; Zhang and Gove 2005). 
Heterogeneity is also made up of two main components, those being complexity and variability 
(Li and Reynolds 1995). In addition, a study may examine structural heterogeneity and 
functional heterogeneity (Li and Reynolds 1995). Structural heterogeneity focuses entirely on the 
structure of habitat, and not its effects on ecological function. Moran’s I measures structural 
heterogeneity by looking at spatial distribution of data within a study area. Moran’s I values 
range from -1, which indicate a fully dispersed spatial pattern, to 1 which indicates a clustered, 
ordered spatial pattern. A zero value indicates a random spatial pattern (Anselin et al. 1996; 
Moran 1953).  
Results from geographically weighted regression such as r2 values, if closely correlated to 
Moran’s I, would demonstrate a direct effect on their accuracy by heterogeneity. Geographically 
weighted regression r2 values provide a measure of proportional model prediction accuracy. It is 
reasonable to posit that combining information from GWR analysis and Moran’s I of benthic 
substrate would allow direct application of more efficient study and identification of valuable 
(spatial) stream habitat data for purposes of assessment and study. To our knowledge, this type 
of analysis combination has not been performed on stream habitat data.  
Our hypothesis states that efforts to model benthic substrate in streams become less 
accurate as spatial heterogeneity increases. In addition, this study will demonstrate if model 




found between regression results and Moran’s I values. This may be shown by using 
geographically weighted regression and Moran’s I values from 40 sub-sites on four stream 
reaches containing varying levels of heterogeneity. If the null model is not accepted, model 
accuracy (r2) for each sub site would decrease as heterogeneity increases, and would be observed 
by correlation between Moran’s I and regression r2. In this way, we will quantify stream habitat 
heterogeneity and show its impact on prediction and modeling of stream habitat variables. 
Demonstration of this occurrence would be highly useful to aquatic habitat managers because it 
would quantify accuracy loss due to spatial heterogeneity in what would otherwise be a model 
with high r2. In addition, knowledge of accuracy loss due to spatial heterogeneity allows the 




Study Sites and Data Collection  
Field data were collected from four wadeable streams for this study. Two streams were 
located in the Greater Yellowstone Ecosystem, Gallatin National Forest and two were located in 
West Virginia; one each in Monongalia and Kanawha Counties. The first of our two western 
sites was located in the Gallatin National Forest on Little Wapiti Creek, Montana, 
(111°16’53"W, 45°2’20"N). The Wapiti Creek site measured 33.5 meters long by 10 meters 
wide (Figure 1). The second western study site was located in another tract of Gallatin National 
Forest on Grayling Creek, Montana (111°6’16"W, 44°48’16"N; Figure 1). The Grayling Creek 
site measured 27.5 meters long by 18 meters wide. The Elk River site was located downstream of 




38°29'20.73"N) and measured 22 meters wide, by 27 meters long. The second eastern study site 
was located on Aarons Creek, which lies within the Monongahela River system in Monongalia 
County, West Virginia (79°56'0.625"W 39°37'8.69"N).  
Sites were delineated by grid cells (0.3 m resolution per cell, an area of 0.1 m2) using a fifty 
meter tape measure, laser rangefinder, and flagging (later removed). Stream depth (cm, top-
setting wading rod) and mean water velocity (m/s at 60% depth, Marsh-McBirney Flowmate 
2000) were measured at the center of each cell. Substrate was measured on a continuous scale in 
millimeters diameter at intermediate axis diameter from 0 mm to >300 mm for each cell. Thus, 
actual, continuous values of water depth, water velocity, and substrate size were recorded for 
each 0.1 m2 cell from the grid of each study site. Two data sets (one for each site) were created 
using ArcMap 10 (ESRI, 2010) and Microsoft Excel 2010. In ArcMap, corner points for each 
study site were georeferenced and exported to Microsoft Excel. Next, x,y coordinates were 
calculated for the remainder of cells in the site grid and appended to the initial dataset of water 
depth, water velocity, and substrate size. The final datasets were imported back to ArcMap 10 for 
statistical analyses. 
Analysis Methods and data collection 
 Using ArcMap 10, 10 random points with 1.5 meter circular buffers were generated 
within each study site, termed quadrats. Circular buffers were chosen to avoid directional bias 
cause by substrate depositional pattern and depth in the stream. Coordinate points from depth 
and substrate data layers were then clipped to the randomly selected quadrats. Random quadrats 
with no variation in substrate were not subjected to analysis, and a new random point and buffer 
was selected within the site to replace it and create a new quadrat. Geographically weighted 




returned. For instance, if a random point had only sand, and did not vary in depth, there would 
not be enough variation within the site to run the GWR statistic, resulting in a null or miss-
specified value for that area. In this manner, a total of 40 random quadrats with no 
misspecification were generated.  
Moran’s I (Global) values were calculated from observed substrate values found in each 
of the 40 random subsamples using substrate size as the analysis layer. Moran’s I values were 
recorded for each site (Table 1). A simple GWR with a 30 neighbor adaptive search radius was 
conducted for each layer using depth as variables to explain substrate. Values of r2 were recorded 
for each site (Table 1). To demonstrate the change in regression accuracy due to heterogeneity, 
the series of 40 random quadrats were sorted and plotted in descending order of r2. Moran’s I 
was then plotted and a line was fit to Moran’s I, demonstrating accuracy of the trend in 
comparison to r2. Plotting Moran’s I and geographically weighted regression r2 values in this way 




As Moran’s I values of benthic substrate decrease from 1 to 0 GWR prediction values 
also decrease, as indicated by an r2 of 0.66 when depth was used to model benthic substrate 
(Figure 1). Moran’s I run on substrate for all 40 sub-sites ranged from 0.93 to 0.16 (Table 1). 
Results of GWR regressions were stable; there were no model warnings of severe design 
problems, overly high condition numbers, or regions of miss-specification of any one feature (x,y 




There were no negative Moran’s I values generated; All values ranged between random 
(0) and clustered (1). All Moran’s I values above 0.30 were significant within a 95% confidence 
interval, indicating that the clustered pattern observed in sub sites was not likely due to chance 
alone. Moran’s I values close to zero (those below 0.30) were not significant, as one would 
expect when indicating random distribution of points. Geographically weighted regressions run 
with substrate as dependent variable and depth as explanatory variable resulted in r2 values 
ranging from 0.979 to 0.247 (Table 1). Agreement of the slope of the line applied to Moran’s I as 
geographically weighted regression r2 values descended was 0.66 (Figure 1).  
 
Discussion 
When modeling benthic substrate, there is a correlation between heterogeneity and 
accuracy of GWR regressions. Results indicate when spatial heterogeneity of stream habitat data 
moves from a clustered distribution to a random pattern that GWR prediction of benthic substrate 
accuracy decreases. Evidence of this is visible in the strong correlation between r2 values and 
Moran’s I values when plotted across all sites. Our results also show increasing heterogeneity 
obscures analysis of spatial relationships among stream habitat variables; depth is known to be 
well correlated to substrate and stream benthic structure yet regressions in the presence of 
random spatial distribution were highly inaccurate. Thus spatial heterogeneity was shown to be 
directly responsible for limiting the accuracy of geographically weighted regression of stream 
habitat variables.  
Results are strengthened by consistency between and among sites of varying size and 
geographic location. This is important because it indicates heterogeneity’s influence is not 




habitat modeling may not be understated because even potentially strong relationships between 
stream habitat variables could be overlooked due to low r2 values in the presence of spatial 
heterogeneity. In turn this would render stream habitat study, analysis, and predictive maps less 
accurate and thus lead to improper conclusions on the part of managers attempting to interpret an 
incorrect result.  
Implications for stream modeling 
We recommend incorporating the quantification of spatial heterogeneity into habitat 
studies because of its impacts on study results (and thus conclusions) such as inflated mean 
square error (Dutilleul 1993) or decrease in GWR r2 values, as shown in this study. There must 
be some measure of order and structure in a system for it to be modeled and predicted; a 
completely random system would have no basis for prediction as there would be zero correlation 
within and among variables. Based on our results, as substrate deposition becomes more entropic 
(random distribution and Moran’s I closer to zero), GWR regressions lost ability to model the 
spatial pattern. Therefore, spatial heterogeneity decreases accuracy of stream habitat models and 
thus leads directly to inaccurate maps, assessments, and misguided decisions based on results 
made from spatially heterogeneous benthic substrate data. Therefore, accounting for the accuracy 
loss due to spatial heterogeneity in data has impacts on data requirements. This study 
demonstrates that impact directly. 
Our study also indicates a stream reach with highly variable heterogeneous habitat would 
require more data to accurately measure and capture the shape, type, and location of each habitat 
patch than would one which was completely homogeneous. This is illustrated by the example 
that a square patch of 100% sand would only need points at each corner delineating the patch’s 




boulder would require many more points in order to capture the site complexity. In this way, it 
can be stated that spatial heterogeneity causes increased data requirements in environmental 
studies, because r2 values decline as heterogeneity increases, as shown by the results in Figure 1.  
Naturally occurring complexities of stream habitat data aside, the smaller the data 
requirement to complete a task for stream spatial analysis, the smaller the total project cost (time, 
budget). Because our results showed GWR accuracy is directly impacted by spatial 
heterogeneity, accounting for the quality in a stream habitat assessment or analysis would create 
budget and time savings by allowing aquatic habitat scientists to vary the amount of data they 
needed to adequately capture the site. Following this logic, viewing heterogeneity as an 
independent stream variable becomes a viable approach because its measurement can provide a 
more accurate valuation of amount and type of data necessary for accurate stream habitat 
modeling, analysis, and assessment.  
Specific to stream habitat variables depth and substrate, identifying locations of higher 
spatial value would have specific impacts on accuracy for purposes of modeling and prediction. 
However, selecting spatially valuable stream habitat data from the generic mass of that available 
at any given site may be a daunting task. Few entities have the time and money to completely 
catalogue entire streams at a high resolution. Identifying or assigning more valuable spatial data 
in streams to guide future research or aid in management endeavors would be an important 
product. Towards this end, results of this study show there are more valuable regions of spatial 
data such as zones of heterogeneity which tend to obfuscate variable relationships and would 
therefore require more data to model them effectively. This would be particularly important with 
interpolation procedures, another branch of predictive modeling used for map creation and 




would allow a modeler or scientist to know that more data are necessary to model that region, 
otherwise valuable information may be lost across scales. Our model results concur with 
terrestrial and broad method GWR mapping studies, in which similar behavior has been noted 
(Farber and Páez 2007; Mauricio Bini et al. 2009; Wang et al. 2005). 
To sum, our results show it is possible to use Moran’s I analysis in conjunction with 
GWR regression values to quantify heterogeneity’s impact on spatial models and measure the 
amount of spatial heterogeneity on a stream reach. Further, our results provide meaningful 
guidance about amount of accuracy lost during GWR analysis to heterogeneity alone. This has 
implications for stream habitat modeling and assessments because measurement of heterogeneity 
would allow additional guidance of type, location, and amount of data necessary for collection 
by identifying regions prone to high levels of heterogeneity. In this way, a stream’s benthic 
substrate may be assigned value based on location, an issue we are examining in studies of 
stream data selection for spatial models. More importantly, this study provides evidence that 
model fit is influenced by stream habitat heterogeneity. This fact allows appropriate adjustments 
in sampling protocol and analysis to offset those accuracy losses, or at the very least allow for 
realization that results may not be as accurate as desired, and for what reason.  
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Table 1. Raw geographically weighted regression r2 values in descending order and labeled by 
site. Clendenin maintained both the highest and lowest r2 values. Range of Moran’s I and r2 was 
well distributed across all sites. Moran’s I index is of benthic substrate pattern. 
 
 
Site GWR R-Squared Moran's Index of Substrate
Clendenin 0 0.979 0.852
Wapiti 5 0.967 0.929
Wapiti 3 0.965 0.880
Clendenin 5 0.956 0.815
Wapiti 6 0.932 0.875
Clendenin 8 0.922 0.677
Wapiti 8 0.881 0.609
Wapiti 0 0.880 0.661
Wapiti 2 0.851 0.677
Wapiti 7 0.843 0.535
Clendenin 2 0.808 0.547
Wapiti 1 0.777 0.691
Aaron's 2 0.774 0.764
Wapiti 4 0.770 0.414
Grayling 0 0.754 0.643
Aaron's 4 0.710 0.704
Aaron's 8 0.708 0.706
Aaron's 6 0.700 0.679
Clendenin 1 0.682 0.771
Grayling 6 0.666 0.668
Aaron's 7 0.641 0.746
Clendenin 7 0.639 0.680
Aaron's 5 0.636 0.615
Grayling 3 0.623 0.385
Aaron's 9 0.610 0.366
Grayling 7 0.524 0.274
Aaron's 1 0.518 0.399
Grayling 9 0.514 0.292
Aaron's 0 0.487 0.354
Grayling 1 0.442 0.332
Clendenin 6 0.440 0.419
Wapiti 9 0.430 0.244
Aaron's 3 0.418 0.174
Grayling 2 0.401 0.202
Grayling 5 0.393 0.572
Grayling 8 0.354 0.266
Clendenin 4 0.324 0.414
Clendenin 3 0.267 0.312
Grayling 4 0.249 0.332




Figure 1. The linear trend of Moran’s I values decrease as geographically weighted regression r2 
values decrease for 40 stream sub-sites. This relationship shows regression values of substrate 
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Use of Geographically Weighted Regression to Model Benthic Substrate; A Comparison 
Between Large and Small Wadeable Streams 
 
Abstract 
Aquatic habitat assessments encompass large and small wadeable streams which vary from many 
meters wide to ephemeral. Differences in stream sizes within or across watersheds, however, 
may lead to incompatibility of data at varying spatial scales. Specifically, issues caused by 
moving between scales on large and small streams are not typically addressed by many forms of 
statistical analysis, making the comparison of large (>30m wetted width) and small stream 
(<10m wetted width) habitat assessments difficult. Geographically weighted regression (GWR) 
may provide avenues for efficiency and needed insight into stream habitat data by addressing 
issues caused by moving between scales. This study examined the ability of GWR to consistently 
model stream substrate on both large and small wadeable streams at an equivalent resolution. We 
performed GWR on two groups of 60 randomly selected substrate patches from large and small 
streams and used depth measurements to model substrate. Our large and small stream substrate 
models responded equally well to GWR. Results showed no statistically significant difference 
between GWR r2 values of large and small stream streams. Results also provided a much needed 
method for comparison of large and small wadeable streams. Our results have merit for aquatic 
resource managers because they demonstrate ability to spatially model and compare substrate on 
large and small streams. Using depth to guide substrate modeling by geographically weighted 
regression has a variety of applications which may help manage, monitor stream health, and 





Wadeable stream habitat is monitored and studied across stream size, from ephemeral to 
many meters wide, to manage for various aspects of stream ecology including fish population 
dynamics and species occurrence (Gido et al. 2006; Rosenfeld 2003; Winemiller et al. 2010). 
Because of ties between habitat and population dynamics, wadeable stream assessment and 
monitoring protocols focus on quantifying key abiotic variables such as substrate and depth. 
Their assessments are used to create maps, monitor change, and categorize streams based on the 
information from those assessments. Differences in stream sizes within or across watersheds, 
however, may lead to incompatibility of data at varying spatial scales (Gotway and Young 2002; 
Scott et al. 2002). Issues caused by moving between scales on large and small wadeable streams 
are not typically addressed by many forms of statistical analysis, making the comparison of large 
(>30m wetted width) and small stream (<10m wetted width) habitat assessments difficult. 
Geographically weighted regression (GWR) is a new spatial modeling technique which may 
address issues of scale compatibility for important variables in stream habitat models.   
Benthic substrate is a key variable in aquatic habitat assessments because of its biotic and 
abiotic importance. Therefore, efforts to maximize effectiveness of substrate assessment are 
important because substrate data collection is an integral activity which guides management of 
those streams (Hansen 2001; Ian 1999). Water depth is also an important and frequently 
measured stream habitat variable, and is closely correlated with sizes of benthic substrate (Allan 
and Castillo 2007; Gorman and Karr 1978; Knighton 1998). Water depth is measured within 
aquatic habitat assessments because it drives a variety of ecologic processes within the stream 
including location, food abundance, predator prey relationships, fish size, and reproductive 




However, connections among fish and habitat management protocols and current science often 
lag (Minns 2001). To close that gap, analysis and modeling of stream habitat have begun to 
incorporate spatial qualities of stream variables like benthic substrate and depth. Incorporating 
spatial qualities at an intricate level allows researchers and managers an avenue to gain insight 
and implement more effective management plans. Efficiency and accuracy of assessment are 
needed because scientists and managers must respond to human caused landscape and ecosystem 
wide alteration which are taking place at an ever increasing pace (Tilman et al. 2001; Vitousek et 
al. 1997). Because of the spatial correlation between depth and benthic substrate, depth can be a 
useful variable for predictive modeling of benthic substrate. 
To monitor and assess substrate on large and small streams, multiple data analysis 
methods are often used to effectively capture and convey information across stream size. 
However, due to structural differences associated with changes in stream size and 
incompatibility of data at varying spatial scales, modeling techniques successful in predicting 
substrate on a small stream a few meters wide may not have application for a larger lotic body 
(Gotway and Young 2002; Rastetter et al. 1992; Wheatley and Johnson 2009). Therefore, 
determination of whether or not a single type of spatial modeling is capable of accurately 
mapping substrate on wadeable streams of both large and small size is a worthwhile undertaking. 
Further, such a determination would provide an appropriate basis for comparison of streams of 
varying size within and among studies if a method were successful in doing so.  
As streams move through their course from headwaters to their terminus, their biotic and 
abiotic characteristics also change. As described in the river continuum concept, streams have a 
specific tiered structure at different stages along their path (Vannote et al. 1980). Stream habitat 




organization of available habitat. Differences may include substrate depositional pattern, flow 
regime, oxygenation, turbulence, water clarity, and other abiotic factors. There are unique 
accuracy issues which may occur when attempting to assess and model streams because of these 
differences. Some relationships of habitat, such as depth changes, habitat spatial heterogeneity, 
and substrate depositional pattern do not always follow an ordered structure in relationship to 
stream size and may even be inverse to stream size. For instance, variation in depth may lessen 
as a stream becomes larger and closer to its terminus, substrate changes become less frequent, 
and flow velocity may become consistent because of a low gradient near a stream’s terminus.  
Ecological data interacts spatially with the environment and it is important to address 
those qualities or remove them from the dataset (Borcard et al. 1992). The importance of depth 
and benthic substrate to streams is closely tied to their location in the stream, and removal of 
spatial information would limit analysis and conclusion. Therefore, to accurately model stream 
habitat variables such as substrate and depth, the spatial qualities in stream data must be 
addressed within the analysis framework. For example, spatial non-stationarity, auto-correlation, 
and multi-collinearity are qualities of spatial data which may obscure meaningful results of 
statistical analysis such as regressions, one of the most commonly used types of analysis of 
stream habitat data (González-Megías et al. 2005; Legendre 1993). In addition to the pitfalls 
caused by spatial auto-correlation and multi-collinearity, there are issues caused by moving 
between scale though cross scale analysis is important for ecological analysis (Gotway and 
Young 2002; Levin 1992; Townsend et al. 2003; Urban 2005).   
Geographically weighted regression has specific qualities which may adequately address 
data modeling issues caused by moving between scales. Geographically weighted regression is a 




incorporating spatial attributes of data including non-stationarity and spatial autocorrelation 
(Windle et al. 2009). The method addresses spatial non-stationarity by removing constraints of a 
global model and allowing for local variance to be calculated at each data location. Though still a 
type of linear regression, it allows for the often unaddressed variable of location to be addressed 
directly within the dataset. Spatial statistical methodologies such as GWR provide an appropriate 
framework to address whether or not they are able to perform equally as well on large or small 
wadeable streams. Geographically weighted regression may provide avenues for efficiency and 
needed insight into stream habitat such as substrate and depth data as well. More specifically, 
GWR was created to model data with heterogeneity, which stream habitat variables often exhibit 
(Charlton et al. 2005). The method was first introduced in the mid 1990’s (Brunsdon 1995; 
Charlton et al. 2005; Fotheringham et al. 1996), and later applied to ecological studies (Austin 
2007; Kupfer and Farris 2007), and oceanic fisheries research and management (Wang et al. 
2001; Windle et al. 2009). Researchers have examined and compared the applicability of GWR 
for analysis of spatial data relative to that of other regression methods (Ali et al. 2007; Gao et al. 
2006; LeSage 2001; Zhang and Gove 2005). However, such analyses have not extended far into 
the field of fisheries science (e.g. Windle 2009).  
Geographically weighted regression appears to have the qualities to allow it to analyze 
stream variables like benthic substrate regardless of size. Therefore, the goal of this study is to 
examine the ability of GWR to model benthic substrate using depth values from both large and 
small wadeable streams at an equivalent level of accuracy. This would provide valuable 
streamlining to lotic spatial modeling and assessment by allowing a single method to be used 




effectively compare both large and small streams would add clarity to the entire wadeable stream 
assessment process.  
   
Methods 
Study Sites  
Depth and substrate were collected from four streams for this study. Two streams were 
located in the Greater Yellowstone Ecosystem, Gallatin National Forest bordering the western 
edge of Yellowstone National Park and two were located in West Virginia; one each in 
Monongalia and Kanawha Counties. A combined total of 17,040 x,y coordinate points, for a sum 
total of 1583 m2 was recorded; each coordinate point represented a 0.3m x 0.3m (0.1 m2)  cell on 
the stream site. Depth and dominant substrate size per quadrat (mm at intermediate axis 
diameter) were recorded individually at all coordinate points, which represented the centroid of 
each cell. Coordinate locations for each site were taken at the upstream left corner. Sites were 
chosen because they contained at least one pool and riffle interface.  
The first of the two western sites was located in the Gallatin National Forest on Little 
Wapiti Creek, Montana, (111°16’53"W, 45°2’20"N). The second study site was located in 
another tract of Gallatin National Forest on Grayling Creek, Montana (111°6’16"W, 
44°48’16"N). Sampling occurred between July 18, 2008 through August 4, 2008 during daylight 
hours and periods of normal stream flow. The Wapiti Creek site measured 33.5 meters long by 
10 meters wide, for a total of 3,630 (0.093 m) cells, each representing depth, and dominant 
substrate type. The Grayling Creek site measured 27.5 meters long by 18 meters wide, for a total 
of 4,950 cells (0.093 m), each representing depth and dominant substrate size. The study sites 




Greater Yellowstone Ecosystem, a mountainous region including characteristic precipitation 
regime of heavy winter snows and dry summers. The two sites were 28.2 km apart. Little Wapiti 
Creek feeds the Gallatin River watershed, and Grayling Creek drains directly into Hebgen Lake. 
Free range cattle use the Little Wapiti watershed during summer, though both sites were 
relatively undisturbed and stream bed alteration was not attributable to cattle or other unnatural 
disturbances at the time of sampling.  
Clendenin Shoals on Elk River is just downstream of the effluent of Big Sandy Creek in 
Kanawha County, West Virginia (81°21'3"W, 38°29'20"N). The modeled site measured 22 
meters wide, by 27 meters long and contained 6,192 (0.093 x 0.093 m) cells. Unique among the 
four study sites, this site was located within the town limits of Clendenin. Housing and moderate 
urban development occur along the banks or the river, though flow and river dynamics are 
relatively undisturbed due to lack of urban, suburban, or farming development upstream of the 
study site. The second eastern study site was located on Aarons Creek, which lies within the 
Monongahela River system in Monongalia County, West Virginia (79°56'0"W 39°37'8"N). The 
site measured 24.33 x 8.66 m and contained 2,268 (0.093 m2) cells. There is sparse to moderate 
urban and suburban development along approximately 70% of this 13.5-km stream. The riparian 
area of the stream (5 – 50 m wide) is a mixture of pasture and mixed hardwood forest.  
Data Collection 
Study sites on all four water bodies were delineated by grid cells (0.3 m resolution per cell) 
using a fifty meter tape measure, laser rangefinder, and flagging (later removed). Habitat 
variables depth and dominant substrate were measured at the centroid of each cell along a 




(minimum of one pool riffle interface) was captured in a complete grid of x,y coordinate points 
with habitat variables at each point.  
Stream depth (cm, top-setting wading rod) was measured at the center of each cell. The 
dominant substrate size was also recorded in each cell along a continuous scale in millimeters 
from 0.05 to 300 mm based on intermediate axis diameter. Thus, actual values of water depth 
and substrate size were recorded for each 0.1 m2 cell for each study site. Four data sets (one for 
each site) were created electronically using ArcMap 10 (ESRI, 2010) and Microsoft Excel 2010. 
In ArcMap, corner points for each study site were geo-referenced and exported to Microsoft 
Excel. Next, x,y coordinates were calculated for the remainder of cells in the site grid and 
appended to the initial dataset of water depth and substrate size. The final datasets were imported 
back to ArcMap 10 for analysis.  
Prior to the use of geographically weighted regression, Ordinary Least Squares (OLS) 
regression was run on each site to establish appropriate need for geographically weighted 
regression (Brunsdon et al. 2000; Charlton et al. 2005). Output from OLS regression, the 
Koenker-BP test statistic (Koenker 1981), was examined to establish spatial non-stationarity 
variance significance. Moran’s I was also run on all sites to indicate spatial pattern of the data 
(Moran 1953). If spatial autocorrelation was discovered in Moran’s I values and residual maps of 
OLS regression indicated broad patterns of over and under estimation of values, then 
geographically weighted regressions were run.  
Once appropriate use of GWR was established at each study site, GWR was run on all sites 
in entirety. In addition, 30 random points were generated within the stream boundaries at each 
site, resulting in a total of 120 random sample points (Figures 1, 2). Each of the 120 points had a 




quadrat were used for GWR regressions. Geographically weighted regression on Aarons Creek, 
Elk River, Grayling Creek, and Little Wapiti Creek sites produced 30 r2 values each (one for 
each sampling quadrat). Thus, 60 r2 values were recorded for two categories of streams; large 
(Elk and Grayling sites) and small (Little Wapiti and Aarons creek sites).  
Additional details concerning GWR tests were as follow: substrate size was set as the 
dependent variable and depth was set as the explanatory variable. In order to create a standard 
comparable result across sites, regressions were run on each site using the same kernel type and 
bandwidth method. Each regression was observed to assure that no model misspecification 
occurred for any features. Specifically, GWR parameters for each pool riffle complex were run 
using an adaptive kernel type and bandwidth parameter.  
Search radius was explored to provide maximum r2 values and no model miss-
specification. Decreasing the search radius from the default (30) yielded higher overall r2 values 
due to substrate depositional pattern which often occurs in highly localized regions and 
transitions abruptly. After exploring search radius, it was set to eight points for Grayling, Little 
Wapiti, and Aarons Creek and 16 points for Elk River, the largest site. For reference, values of r2 
were recorded for each site as a whole.  
Results would provide two data sets for analysis; a population of 60 r2 variables from 
large streams and a population of 60 r2 variables from small streams. Variance between the data 
sets was examined using an f-test. Results from the f-test would determine the appropriate type 
of t-test. Comparison between large and small streams was accomplished by performing Welch’s 
t-test assuming unequal variance on the two populations under the null hypothesis that the means 






 Results from OLS for all sites had significant p-values for the Koenker-BP test statistic, 
indicating that non-stationary variance has made standard error of the regressions unreliable. 
Moran’s I tests for all sites demonstrated a clustered pattern in the residuals from OLS 
regression; all Moran’s I values were significant at an α level of 0.01, indicating there was less 
than a 1% chance this pattern was due to chance, and likely due to spatial non-stationarity 
qualities in the data. Per described methodology, GWR was run on all sites in entirety, and on all 
random samples of both large and small streams after appropriate use of the GWR statistic was 
established. Visual inspection of OLS regressions shows large areas of over and under estimation 
in prediction values of substrate along heterogeneous areas, and zones of substrate transition 
(Figures 1, 2).  
Geographically weighted regression r2 values of full study sites were 0.754 on Elk River, 
0.839 on Aarons Creek, 0.871 on Grayling Creek, and 0.912 on Little Wapiti Creek. Random 
sampling and regression at 60 larger order and 60 smaller order stream quadrats produced r2  
values ranging from 0.170 (a highly heterogeneous quadrat) to 0.998 on Elk River, 0.698 to 
0.930 on Aarons Creek, 0.699 to 0.990 on Grayling Creek, and 0.701 to 0.932 on Little Wapiti 
Creek. Test for variance indicated the variance of the two populations was not equal with a p-
value < 0.01. Means for r2 of random quadrats were 0.83 for small streams and 0.79 for large 
streams. Results from the Welch’s t-test demonstrated differences in means from substrate 
models of random samples of large and small streams were not significant as shown by a p-value 
of 0.22 at α level of 0.01.  
 Visual inspection of residual maps of GWR regressions indicated the statistic responded 




of predicted values of substrate. Minimization of zones of extreme standard deviation can be 
directly observed in GWR regressions by noticing decrease in locations returning standard 
deviation errors in the -1.5 to -0.5 and the 0.5 to 1.5 categories in comparison to those from OLS 
regressions on all streams (Figures 3, 4). The majority of predicted values that fell into those two 
categories were adjusted into the -0.5 to 0.5 standard error range, showing a marked 
improvement in overall site models for substrate in terms of standard error. Overestimation and 
underestimation of values was limited to highly heterogeneous localized regions in GWR 
regressions (Figures 3, 4).   
 
Discussion 
Our results establish the effectiveness of GWR as a modeling tool for wadeable streams 
of disparate size when analysis of spatial benthic substrate data is required. Specifically, our 
results show substrate is modeled in an equally effective manner on large or small wadeable 
streams when using GWR. This is supported by comparison of two large, and two small 
wadeable streams and values of r2 from their geographically weighted regressions. Our results 
have implications to fisheries biologists and managers wishing to provide consistent, comparable 
assessment, analysis, and mapping results of stream habitat variables when their studies span 
multiple stream sizes. Implications include using a single regression type (GWR) to model 
stream habitat variables, potential for more reliable management of stream habitat when 
substrate is a key decision variable, and use of visual residual maps to gain insight into the 
results of substrate modeling.  
The ability to use a single regression model to address spatial mapping and assessment of 




to stream assessments and thus to fisheries science. It accomplishes this by minimizing the 
amount of statistical procedures necessary to properly map stream habitat variables such as 
substrate; the statistical analysis type used does not need to change in order to analyze and 
compare streams of varying size.   
Our study indicates GWR’s strength as a statistical procedure for modeling frequently 
assessed stream habitat spatial variables such as substrate. This is important in part because 
failure to address spatial qualities in a dataset when performing regressions may create 
ambiguous or erroneous results due to spatial autocorrelation (González-Megías et al. 2005; 
Legendre 1993). Using geographically weighted regression to model stream habitat data with 
acknowledged spatial qualities directly addresses the issues posed by spatial auto-correlation. It 
performs this task by removing a single global variance value used to calculate individual 
predictions within the model with local variance which is calculated using a specified search 
radius or parameter (Brunsdon 1995; Charlton et al. 2005). This change allows for more accurate 
representation of structure found within data exhibiting spatial non-stationarity (spatial variance), 
such as the depositional pattern of substrate. The usefulness of GWR to fisheries science and 
management can be seen by spatial variance often found in stream habitat variables; there are 
many frequently assessed variables found within a stream with spatial non-stationarity including 
flow velocity, temperature, location of large woody debris, and seasonal location of fish. 
When modeling variables relevant to stream management such as substrate the ability of 
an analysis method to produce consistent results is particularly important. Consistent, 
unambiguous results lend themselves towards use in comparison because of confidence in the 
methodology and the added complexity of comparing results from different methods being 




differ statistically when an appropriate GWR model is applied. Without consistent results the 
conclusions and management decisions drawn from them would be suspect, and at the very least, 
somewhat weaker. 
Results of the study are in line with prior literature discussing fluvial geomorphologic 
relationships between depth and substrate. In our results the correlation between depth and 
substrate depositional pattern is shown by relatively high r2 values between substrate and depth. 
We provide evidence that substrate may be effectively modeled using depth as the independent, 
or influencing variable when using geographically weighted regression to model wadeable 
stream habitat data. This statement is supported by accuracy levels of geographically weighted 
regression models of substrate on small and large wadeable streams are not significantly 
different as indicated by GWR r2 values and t-test results.  
Practical maps (maps which maintain both utility towards the named purpose and ease of 
use) are important aspects of interpreting results of stream habitat assessments, but are not often 
provided by statistical analysis as they are by GWR. Maps can be a valuable tool and provide 
insight which non-visual results would not provide (Gergel et al. 2007). Visual analysis of 
habitat type, amount, and fish populations on small streams does successful precedent (Hankin 
and Reeves 1988). In addition to practical maps of habitat data already produced by mapping 
stream habitat data in a geographic information system, geographically weighted regression 
provides maps in the form of residuals and predicted values for each coordinate location in the 
dataset. Therefore, visual interpretation of data and results is a useful benefit to the decision 
making process provided by geographically weighted regression when used in a program such as 




An integral visual step in the GWR process for evaluating substrate in streams is 
establishment of the appropriate use of spatial regression rather than traditional ordinary least 
squares regression. Ordinary least squares regression is always run to demonstrate non-
stationarity in the data, without which GWR would not be an appropriate course of action 
(Brunsdon 1995; Charlton et al. 2005). A visual byproduct of OLS regression is the residual map 
created to show amount of standard deviation of each predicted value at each data coordinate. 
Besides showing non-stationarity, substrate was clearly over and underestimated in a greater 
proportion of the study area than with GWR residual maps on all four main study sites. In this 
instance, visual comparison of GWR and OLS regression residual maps helped to illustrate the 
benefits of applied local variance for spatial stream data such as substrate, rather than a single 
variance. Specific to the comparison of large and small streams, visual inspection of OLS and 
GWR residual maps show that GWR reacts similarly to both large and small streams.  
As seen in maps of large streams Elk River and Grayling Creek maintained sizeable areas 
with high levels of homogeneity of substrate in comparison to smaller stream sites Aarons and 
Little Wapiti creeks (Figures 1, 2). In this case, heterogeneity is to some degree a matter of scale, 
as habitat patches likely increase in size as the stream size increases. However, Elk River 
substrate deposition pattern, while relatively heterogeneous in some areas, does have a large area 
of sand interspersed with boulders and cobble. That model r2 means of large and small stream 
groups were not significantly different even with marked difference of substrate depositional 
pattern is a strong indication of the effectiveness of GWR regression for modeling stream 
substrate. However, because decreases in accuracy of stream habitat models using GWR are 
caused by high levels of spatial heterogeneity attention should be directed towards the use of this 




 There are several future considerations brought into focus as a result of this study. 
Because of the correlation between depth and substrate and the ability of GWR to model it, 
future exploration should examine the potential of GWR for predictive modeling of substrate 
based on depth structure of the stream. Such an exploration would potentially remove the need 
for in depth substrate data collection once a baseline for modeling was created for the stream in 
question. It will be interesting to examine other frequently assessed variables and observe their 
response to similar methodology. This study also provides evidence that OLS residuals may 
guide map creation by demonstrating where models over or underestimate values. 
 In sum, consistent, accurate, and comparable spatial modeling of substrate on both large 
and small size wadeable streams are possible when using geographically weighted regression. 
Large and small stream substrate models responded equally as well to GWR while providing 
practical, easy to interpret maps of the data and analysis results. Further, the outcome eliminates 
the need for multiple types of statistics to be used to model streams of different sizes. It 
additionally provides a much needed method for comparison of large and small streams in the 
form of an r2 value (by the same procedure) which gives proportional accuracy of models. Our 
methods have merit for fisheries managers because they provide comparable, clear results which 
may be used to visualize substrate, a key habitat variable, useful for management of fish 




Figure 1. Little Wapiti and Grayling Creek locations with 30 random sample points applied 
within each site. Actual substrate and depth information is also included for reference. 
Geographically weighted regressions were performed in a 2.5 meter radius surrounding each 
random sampling point.  
 
Figure 2. Aarons Creek and Elk River locations with 30 random sample points applied within 
each site. Actual substrate and depth information is also included for reference. Geographically 
weighted regressions were performed in a 2.5 meter radius surrounding each random sampling 
point. Elk River displays greater areas of substrate homogeneity than other sites. 
 
Figure 3. Residuals of ordinary least squares regression (top of figure) and geographically 
weighted regression residuals (bottom of figure) of Little Wapiti and Grayling creeks. Visual 
inspection of standard deviations of geographically weighted regressions contain a much larger 
amount of results within 0.5 standard deviations, the result of non-static variance applied at 
individual locations.  
 
Figure 4. Residuals of ordinary least squares regression (top of figure) and geographically 
weighted regression residuals (bottom of figure) of Aarons Creek and Elk River. Elk River has 
large areas of more homogeneous substrate, which GWR was better able to model using local 
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Chapter 7- Implications of the Research 
 
Habitat assessment and modeling of streams and rivers is a collaborative process 
involving statistics, field methodology, knowledge of streams and stream ecology. Within the 
past decade and a half, assessment and modeling of streams has rapidly evolved to incorporate 
spatial data and complex mapping into its science. Since fall of 2004, we have investigated 
techniques to develop new avenues for modeling streams and streamline the process of their 
assessment through exploration of spatial habitat data on four wadeable streams, two each in 
West Virginia (Elk River and Aarons Creek) and Montana (Little Wapiti and Grayling creeks).  
Initial exploration of stream habitat spatial data from Aarons Creek, West Virginia 
demonstrated potential of interpolation to provide practical maps using less data than standard 
grid sampling methodology (Sheehan and Welsh 2009). Following the study on Aarons Creek, 
West Virginia, three streams were added to the dataset; Elk River, West Virginia, Grayling 
Creek, Montana, and Little Wapiti Creek, Montana. Incorporating spatial qualities of substrate, 
depth, and flow velocity into a dataset by using geographically weighted regression provided a 
more accurate model of those variables in comparison to traditional linear regression. Results 
indicated failure to incorporate spatial qualities of data into a stream habitat study may provide 
ambiguous results and conceal even strong relationships between variables. Therefore we 
recommend using spatial statistics such as geographically weighted regression to model, map, 
and address stream habitat assessment because of the inherently spatial nature of stream 
variables.  
 Multiple datasets are often collected for stream ecological studies and habitat assessments 




instances, this may no longer be a required action, as indicated by retention of interpolation 
accuracy of substrate at scales far removed from the scale at which the data was initially 
collected. In our study on Grayling and Little Wapiti creeks, sufficient accuracy of interpolations 
remained at scales 11 times larger than the initial data collection scale. This insight provides 
avenue for elimination of excess data collection for stream assessment and monitoring purposes. 
In stream assessment studies involving spatial data, such as mapping and assessment, a single 
dataset would be enough to provide guidance for future studies and management of the stream.  
Heterogeneity is a frequent spatial attribute of stream habitat variables which occurs 
across spatial scales. The following insights were gained when data from Wapiti and Grayling 
creeks containing various levels of heterogeneity were analyzed using geographically weighted 
regression. First, heterogeneity of stream habitat has a negative effect on accuracy of this type of 
regression. Second, the more spatially heterogeneous the variable being modeled, the more data 
points needed to model it accurately. Third, geographically weighted regression may be used in 
conjunction with measures of spatial heterogeneity in streams much like Moran’s I, to determine 
the amount of spatial heterogeneity a specific area of stream contains. These insights have the 
following implications: When modeling a stream it is important to quantify the amount of 
heterogeneity within the study area. Once the amount of heterogeneity is measured, potential 
efficiency of geographically weighted regressions may be known. This is important because too 
great a level of heterogeneity may render stream habitat models using regression analysis 
unusable. In addition, knowledge of how spatial heterogeneity may effect regressions will also 
guide the amount of data needed for accurate mapping and assessment using spatial regression.  
Modeling, assessment, and comparison of substrate on small and large streams pose a 




size include incompatibility of spatial data collected at different scales and necessity of using 
more than a single type of statistical model, and failure to account for substrate complexity as 
stream size varies. These issues may result in inability to compare large and small streams, 
creation of inaccurate maps, ambiguous stream management results, and inefficient use of 
resources. To address these issues, chapter four examined the ability of geographically weighted 
regression to consistently model stream substrate on both large and small wadeable streams at an 
equivalent accuracy level. Our large and small stream substrate models responded equally as 
well to GWR while providing practical, easy to interpret maps of the data and analysis results. It 
additionally provided a much needed method for consistent comparison of substrate between 
large and small streams.  
The type and amount of data often dictate the quality of the final product in stream 
habitat assessment and management as well as the type of analysis possible. While chapter two 
explored the repercussion of different sampling patterns on its analysis, chapters 3-6 examined 
analysis of previously collected spatial data. Random sampling methodologies for collection of 
stream habitat data operate under the correct assumption that the more data collected, the better 
the result. However, our results demonstrate a non-random sampling methodology is more 
efficient for mapping and assessment purposes than both random and grid sampling techniques. 
Increase in efficiency is accomplished by selecting data along habitat transition zones which 
have more spatial information and therefore more value associated with it than its adjacent 
neighbors. By actively selecting for more valuable data, interpolations and regressions require 
less information to achieve an acceptable level of accuracy for stream habitat study and 




The work found within the chapters of this dissertation, when combined, offers avenues 
to collect, model, and efficiently use stream habitat spatial data beyond the scope available 
through currently used methods alone. The chapters were designed to complement one another, 
thus providing a suite of new information for stream management and modeling. For example, 
Chapter six closely compliments the results from chapter three by providing an avenue for 
addressing spatial scale issues encountered when modeling and assessment of streams is 
undertaken not addressed by looking at data collection scale. When taken together, results of the 
two studies allow for less data collection, while still maintaining accuracy of stream studies and 
maps.  
Management of streams is a delicate balance of knowledge and resources used to gain 
that knowledge. Assessment of stream habitat is one of the main tools used by managers to guide 
research and provide scientific insight. Our results have highlighted a few of the inadequacies in 
spatial modeling, and provided potential solutions. However, spatial modeling of streams is 
quickly evolving and as one solution is created, another problem arises to take its place. While 
our dataset was expansive, the study encompasses four streams, and limited aspects of those 
streams. Future work should focus on spatial modeling of additional streams in different 
ecosystems; it should encompass other emerging spatial statistics and explore existing ones more 
deeply. Management and modeling implications from our work could be strengthened and 
expanded with additional data and study of streams over time. In time, it is possible to envision 
incorporation of stream habitat data to develop a species specific model occurrence and 
population size estimate based on mapped and available habitat. When viewed from a broad 
standpoint, each facet of the dissertation is a method for reducing the data needed for stream 




the studies found within this dissertation allow for more efficient use of resources required for 
this endeavor, a desired result for anyone dealing with a finite budget of time and money. It is 
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North American Journal of Fisheries Management 29(1):1-9. 
Welsh, S.A., R.M. Wood, and K. R. Sheehan. 2009. Threatened fishes of the world: Crystallaria 
cincotta, Welsh and Wood 2008 (Percidae). Environmental Biology of Fishes 84:191-192. 
Sheehan, K.R. 2006. An Interpolation Method for Stream Habitat Assessments with Reference 
to the Crystal Darter. (Master’s Thesis) West Virginia University. 
 
Currently in review 
Sheehan, K.R., Welsh, S.A. An Effective Data Selection Pattern for Modeling Benthic Substrate 
in Streams; Using Ordinary Least Squares Residuals to Guide Data Collection.  
Sheehan, K.R., Welsh, S.A., and Strager, M.P. Geographically Weighted Regression Models and 
Role of Morans I In Evaluating Heterogeneous Benthic Substrate In Streams. 
Sheehan, K.R., Welsh, S.A. Use of Geographically Weighted Regression to Model Benthic 
Substrate; A Comparison Between Large and Small Wadeable Streams.  
 
PROFESSIONAL PRESENTATIONS 
 2010- American Fisheries Society National Meeting, Pittsburgh, PA, “Advantages of 
geographically weighted regression for modeling stream habitat.” 
2010- West Virginia Professional GIS Conference, Martinsburg, WV. “Advantages of 
geographically weighted regression for modeling substrate in streams.” (Second place, 
best student paper). 
2009- American Fisheries Society National Meeting, Nashville, Tennessee, “Stream habitat 
interpolation using minimal data.”  
2009- West Virginia University Annual Graduate Colloquium, Davis College of Consumer 
Sciences – “Interpolation methods using minimal data in GIS.” 
2008- USGS Headquarters Seminar, Reston, VA. “An interpolation method for stream 
habitat assessments: Minimal data predictive modeling in GIS.” 
2008- West Virginia American Fisheries Society Student Chapter Presentation - “The 
importance of internships & four qualities of successful scientists.” 
2007- West Virginia University seminar presentation, “Accuracy trends in predictive river 
modeling in GIS; The art of balancing data collection effort and accuracy gains.” 
2007- West Virginia Fish and Wildlife Research Unit annual meeting – “An interpolation 
method for stream habitat modeling and assessments.” 
2006- West Virginia University seminar presentation - “Elk River Crystal darter (Crystallaria 
asprella sp.) Ongoing research and capture methods using a variety of sampling gear.” 
2006- Southern Division AFS Annual Meeting, San Antonio, TX – “Habitat Modeling and 
Interpolation of Depth and Substrate on Aaron’s Creek, West Virginia.” 
2005- Fluvial Geomorphology Seminar, West Virginia University – “Geological influences on 
Substrate values at Clendenin Shoal on Elk River, Kanawha County, West Virginia.”  
2005- Quantitative Ecology presentation, West Virginia University – “Validation of three 
types of interpolation for substrate class on a reach in Aaron’s Creek, WV.” 




Interpolation Using GIS on Aaron’s Creek, West Virginia.” 
2005- West Virginia University – “The Crystal Darter (Crystallaria asprella) life history and 
opportunities for research on Elk River, West Virginia.” 
APPLICABLE COURSEWORK 
 Spatial Analysis for Resource Management 
Statistical Methods I 
Statistical Methods II 
Non-parametric Statistics 
Quantitative Ecology 
Advanced Fluvial Geomorphology 
Wildlife Management 
Fish Ecology 
Law- Environmental Policy (EPA, ESA, etc.) 
Forestry 
Biology 
Native Cultures in the American Southwest 
GIS: Technical Issues 
Advance Spatial Analysis Methods 
VBA Programming in ArcObjects  
Research Design 
Critical Review: Fisheries 
Grants and Grantsmanship 






SERVICE & PROFESSIONAL ASSOCIATIONS  
 2004-2011 - American Fisheries Society member. 
2010/2011 - West Virginia Association of Geospatial Professionals. 
2008-2011 - Extracurricular mentoring students in Geospatial technology studies and 
ArcGIS. 
2010, 2009, 2008, 2007, 2006, 2005 - American Fisheries Society annual fundraiser - 
Involving local businesses, collecting and developing prize pool, event organization, 
photography donations.  
2009 - US Forest Service, National Meeting of Experimental Forests - Invited PhD session 
aide, session recording and transcription, audio/visual and presentation organization 
and function. 
2009 - Yellowstone Park Foundation member. 
2007, 2008 - Editor, contributing author, West Virginia American Fisheries Society Chapter 
Newsletter. 
2007 - USGS Headquarters, Reston, VA. Open House - Educating the public about the 
USGS involving schools and NGO organizations in the greater Washington, DC area.    
2005/2006 - American Fisheries Society Student Chapter President.  
2005 - American Fisheries Society Annual Southern Division Meeting - Organization and 
planning of annual Student/Mentor lunch for 200+.  
2004, 2005 - AFS Annual Southern Division Meeting - Organization of student paper judges 
and awards for all student papers.   
1996 - Trail maintenance, Chippewa National Forest, Minnesota.  
1994 - Student Conservation Association (SCA). Sol Duc Ranger District, Olympic National 
Forest: Spotted Owl Nesting area research and location, Marbled Murrelet location and 
identification.  





1989 - John Pennekamp National Marine Sanctuary. Key Largo, FL- Volunteer Internship: 
Specimen collection, visitor education.  
AWARDS & ESEI TEACHING REVIEWS SUMMARY 
 2011-Doctoral finishing grant- Awarded to PhD candidates based on academic merit and 
performance. 
2011- Current ESEI Average (out of 5.0): 4.74 or 94.8 %. ESEI is a national standard which 
compares teaching evaluations and scores in comparison to other teaching 
professionals.  
2010- Hoyt Teaching Fellowship.  
2010- West Virginia Professional GIS conference, 2nd place, best student paper. 
1996- St. Olaf College. One of five nominees for best senior project (Thesis). Three part 
study of nature and human interaction including Columbia River steelhead restoration 
project assessment, book of poetry exploring the relationship of man and nature from 
a creative perspective, and the book “Yellowstone Experience” (unpublished work) 
about solo winter camping alone in the Yellowstone backcountry. 
OTHER PROFESSIONAL (APPLICABLE BUSINESS) EXPERIENCE 
  
1998-2003 Advertising and Public Relations- 
 Organized fund raisers and media events. 
 In depth knowledge of non-profit organization functionality. 
 Client relations for 200+ monthly advertisers. 
 Prior responsibility for 50k monthly advertising revenue including international client list. 
 Deadline oriented working environment. 
 Grant writing. 
 Worked closely with community leaders, media outlets, businesses in varying fields. 
 Graphic design and promotional information creation. 
 Creative writing and slogan development. 
 Management of large events (movie premieres, restaurant openings, press conferences).  
ACCREDITATIONS 
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